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ABSTRACT

Due to the improvement of storage and compression technologies, the amount of
musical data available on the Internet is explosively increasing. To enable the
query-by-humming and query-by-singing type of interfaces for musical search,
effective techniques and tools for musical signal analysis and representation are
highly demanded. Currently, most approaches in musical retrieval are based on
monophonic signals (single voice) in textual symbolic format (e.g., MIDI). In this
thesis, we investigate techniques related to polyphonic signal (multi voices) analysis
in acoustic format, with popular songs as examples.

Compared with monophonic song, the analysis of polyphonic song is highly
challenging due to the requirement of main theme extraction to allow song matching.
To date, there is no single unique solution to this difficult problem. We concentrate
our domain of analysis on polyphonic popular song since singing voice, in general,
represents the main theme of a song. The theme can be statistically modeled through
data training or heuristic assumptions. One common assumption is that singing voice
is the only dominant signal in a song. By modeling and extracting singing voices, the
possibility of matching polyphonic songs and monophonic query is enlightened.

The issues we investigate in this thesis include time-domain and frequency-domain
singing voice extraction, mid-level singing voice representation for song matching,
indexing and retrieval. Initially, a polyphonic song is partitioned and classified into
segments of singing voice (SV) and instrument sound (IS) in time-domain by support
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vector machine. The "pure SV" are further extracted from the classified SV segments
by independent component analysis in frequency domain. Two mid-level melody
representations are then proposed to characterize the extracted SV. To allow the
matching between SV and query, proportional transportation distance is employed for
song matching while vantage point tree is used as data structure to support song
indexing.
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Chapter 1
Introduction

1.1 Motivation
Due to the improvement of storage and compression technologies, musical data
available on the Internet grows rapidly. Unlike hypertext, musical data is highly
unstructured and this has made the management and retrieval of songs a challenging
task. To date, most conventional search engines utilize textual information or file
names for the retrieval of musical data. Textual information related to musical data is
normally created manually. Some information, particularly the descriptions available
on the Internet, is meaningless and ambiguous. For instance, the track number of CD
album does not provide any useful information for retrieval. On the other hand, while
the content of music (e.g., melody and theme) cannot be directly expressed in term of
textual information for retrieval, human being can easily memorize them to recall
songs even though the names or other textual information of songs may not be
remembered.
Now, imaging that after hearing a love song in a restaurant, you decide to buy a CD
containing that song. Usually, you would not have any idea about the name of the
song or album. What you could remember is most probably the melody of the song. In
this situation, you could hum or sing the song to a salesman and ask for her/his help.
The salesman may recognize the song and find the CD for you. This simple fact has
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indeed motivated researchers to develop a content-based musical information retrieval
(CBMIR) system which is capable of mimicking the role of a CD salesman. In
contrast to textual-based information retrieval, the objective of CBMIR is to identify
songs that have a high similarity with user queries which normally consist of
humming or singing in short periods. In CBMIR, the similarity of songs is measured
based on the features extracted from musical content rather than manually added
descriptions or file names.
Based on the query interface, existing CBMIR systems can be broadly classified as:
query-by-example (QBE), query-by-humming (QBH) and query-by-singing (QBS). In
QBE system, queries are usually composed of small segments of target songs. How do
users obtain such small segments? It usually induces another search for such segments.
Therefore, QBE is actually an unnatural and inconvenient interface for musical
information retrieval. In QBH, a user can query a system by humming the melody of a
target song. Since the details of songs are skipped in the query, the system cannot
easily distinguish and retrieve song segments with high similarities particularly in a
large database. In a QBS system, a user can sing a small part of a song as query so
that certain musical details can still be retained to increase the retrieval accuracy. In
this thesis, our aim is to investigate several key issues in typical CBMIR systems with
QBH and QBS as the query interface.

1.2 Problem Statement and Contributions
In the early stage, most research in CBMIR started with the analysis of monophonic
data [1-5]. Most of their databases contain only monophonic and homophonic music
represented in MIDI file format. This is mainly because the migration of
well-developed hypertext methods provides a strong technical background to MIDI
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file content-based retrieval. Recently, the preliminary attempts in analyzing
polyphonic MIDI data have been reported in [6]. Despite the fact that most of these
approaches can handle MIDI musical data with high accuracy, most music available in
the Internet is unstructured in terms of acoustic representation such as MP3 or wave
format. As far as we know, only [8,9] have started preliminary work in polyphonic
musical retrieval with raw musical data as their database and QBS/QBH as the
interface. Nevertheless, only musical clips/segments are stored in their database
instead of whole music articles.
Because a user’s singing or humming is monophonic, the major difficulty in building
up a QBS/QBH CBMIR system is how to model the ability of human perception in
extracting the main theme (or melody) from polyphonic music. Due to the
unreliability of main theme extraction algorithms, as in [8, 9], we restrict the domain
of analysis in techniques related to polyphonic pop songs instead of general musical
data. Since the singing voice often contains the main theme of pop music, the problem
of main theme extraction can be reduced to a singing voice extraction. With this
domain restriction, we will address several research issues in setting up a QBH/QBS
CBMIR system with polyphonic pop songs as the target music database. The
problems we address in this thesis are briefly summarized as below:
a. Time domain singing voice identification with Support Vector Machine (SVM)
and Independent Component Analysis for Feature Extraction (ICA-FX)
Pop songs are usually mixed with singing voices and instrumental music. If we
directly apply a singing voice extraction algorithm on regions that contain only
instrumental sounds, some noise may be introduced and this can affect the
accuracy of retrieval. Therefore, the first step is to locate segments with singing
voice, which is one of the important components in musical data preprocessing.
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The main challenge of locating singing voices is that these musical segments are
not purely vocal, but rather a mixture of singing voice and instrumental sounds. In
this thesis, we propose SVM as our singing voice and instrumental sound
classifier due to its robustness. One major problem of SVM is that both the
training and testing processes are slow. This is due to the fact that both training
and testing data are in a high dimensional space. To tackle this problem, we
propose the use of ICA-FX and dimensionality reduction. In ICA-FX, the features
which are independent of class label information are discarded. In the experiments,
we show that ICA-FX can significantly reduce feature size but without adversely
affecting the classification accuracy of SVM.
b. Frequency domain singing voice extraction with monaural ICA
The located singing voices in pop musical data are usually mixed with
instrumental sounds. This is in contrast to the users’ query which is pure singing
voice or humming in a quiet background. To match pop musical data and the user
query in a robust and reliable manner, techniques for singing voice extraction with
reasonable signal-to-noise ratios are required. In our approach, the monaural ICA
[39] for blind source separation is employed as our singing voice extraction
algorithm in the frequency domain. To construct ICA models, we use both pure
singing voice and pure musical data for model training.
c. Data indexing and retrieval with Proportional Transportation Distance (PTD) and
Vantage Point Tree (VPT)
After singing voice location and extraction, polyphonic pop musical data are
converted to monophonic singing voice. The matching between musical data and
users’ queries becomes feasible. However, both the extracted vocal and user query
are of different lengths. The effective and efficient matching of a short query with
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all the songs in a large database is indeed a non-trivial issue. In this thesis, we
firstly proposed a technique to extract the variety of tones from a musical signal
and represent them as a mean note curve (MNC) and neighbor similarity curve
(NSC) for matching. To reduce the amount of matching data, we employ
Douglas-Peucker curve simplification to extract the local minimum points and the
local maximum points of MNC and NSC curves. Based on this simplification, we
parameterize a curve in terms of the start point, direction and duration that are
appropriate for a mid-level representation of musical content.
A user query is usually not longer than 30 seconds while a pop song can last for
3-4 minutes. Intuitively, an efficient way of retrieval is to locate the potential
regions in songs for matching. We propose the use of a local maximum energy
point to detect all the possible matching points in a pop song. All the potential
segments are extracted from the possible start points and encoded as the proposed
mid-level representation. We further propose Proportional Transportation Distance
(PTD) to index the pop songs in a database. Since PTD is a metric with the
triangle inequality property, it can be used effectively for both the indexing and
similarity matching of songs and queries. Ultimately, with PTD, we construct a
vantage tree (VPT) for each pop song to speed up matching and retrieval.

1.3 Thesis Organization
The rest of this thesis is organized as follows. Chapter 2 surveys the current state of
the art in CBMIR research. The motivation for the analysis and representation of
polyphonic popular musical data is also discussed. In chapter 3, we propose our
approach in singing voice location in polyphonic pop songs. We attack this problem
by integrating Gaussian likelihood ration (GLR), ICA-FX and SVM. Experimental
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results are presented to verify the performance of our proposed approach. Chapter 4
addresses the problem of singing voice extraction in the frequency domain. In this
chapter, we propose two approaches, namely a statistical approach and monaural ICA,
for this problem. The pros and cons of both approaches are empirically compared and
justified. In chapter 5, we present the proposed mid-level representation for effective
indexing and retrieval. We propose two representations, namely note mean curve
(NMC) and neighbor similarity (NSC), to describe the melody content of pop song.
Douglas-Peucker curve simplification, proportional transportation distance (PTD) and
vantage point tree (VP tree) are also employed for data indexing and similarity
measurement. The retrieval performance of our proposed approach is empirically
tested on a pop song database. Finally, chapter 6 concludes the thesis and suggests
some possible directions for future work.
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Chapter 2

Literature Review

This chapter gives an introduction and survey of the current state-of-the-art in
content-based musical information retrieval (CBMIR) research. Based on the types of
musical queries and the representation of musical clips in database, we broadly
classify existing CBMIR system into six different categories.
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2.1 Musical Data Representation
Musical data can normally be represented in either symbolic or acoustic format. MIDI
is a popular format of symbolic representation, while formats such as MP3, au and
wave are popular for acoustic representation. Based on the harmonic complexity, we
can further classify musical data, either for acoustic or symbolic representation, into
two types: monophonic and polyphonic. In symbolic representation, musical data are
stored in a sequence of musical entries. In each musical entry, the pitch, start time,
strength and type of instrument are stored. In general, symbolic representation is only
capable of describing a limited set of musical data that involves pitches and sounds
produced by certain instruments. In fact, only a small fraction of musical data
available on the Internet is represented in symbolic format. Acoustic representation
encodes musical data as a sequence of sampled audio intensity. It can represent any
natural sounds. Therefore, many musical data available on the Internet are in various
formats of this representation. Today, various commercial software tools are designed
specifically to convert musical data from the symbolic representation to acoustic
representation. The conversion, however, is still in its infancy stage. In general, only
monophonic and simple polyphonic musical data can be converted with reasonable
accuracies. The conversion of general polyphonic music is still an extremely difficult
problem. Due to the limitations of symbolic representation, this thesis considers only
the acoustic representation in this and the remaining chapters.

2.2 Existing CBMIR Systems
Based on the types of musical queries (monophonic vs. polyphonic) and the data
representation of musical databases (symbolic vs. acoustic), we can broadly classify
the existing research in CBMIR into six categories as shown in Table 2.2.1.

9

Table 2.2.1 : Research in CBMIR
Type

Query

Database

Reference

I

Monophonic

Monophonic

[1, 2, 3, 4, 5]

II

Polyphonic

Polyphonic (Symbolic)

[6, 10, 11]

III

Polyphonic

Polyphonic (Acoustic)

[7, 12, 13]

IV

Monophonic

Polyphonic (Symbolic)

Unattended

V

Monophonic

Polyphonic (Acoustic)

Unattended

VI

Monophonic

Polyphonic (Pop song, acoustic)

[8, 9]

Type I
In Type I, both the queries and musical clips in the database are monophonic [1-5].
Monophonic transcription is usually straightforward. Monophonic acoustic data can
be converted into musical note sequences or pitch contour using autocorrelation
approach [3]. Pitch window is applied on pitch contour to extract note sequence [3].
To adapt the various pitch ranges of queries, some systems use the relative pitch
sequences (for instance, up, down and unchanged) to assist the retrieval. The
approximate string matching algorithms, such as “edit distance” are then employed
for similarity measures. However, due to the fact that most available musical clips are
polyphonic, these systems are normally not practical and interesting to most users.
Type II
In Type-II, the polyphonic queries and polyphonic MIDI database constitutes a
musical retrieval system. Based on the input queries, we could further classify these
systems into two sub-types: (a) user queries in symbolic formats such as MIDI, (b)
user queries in acoustic formats such as MP3. In general, there are three basic
approaches to solve the problems in sub-type (a): 1) n-gram approach, 2) geometric
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representation approach, and 3) weight set modeling approach. In [6], the n-gram
approach is employed. The musical notes are sorted according to the ascending onset.
Both queries and musical data are divided into windows with n different adjacent
onset times, called n-gram, for musical indexing. The possible monophonic pairs
inside these windows are exhaustively searched. Statistical distribution models are
employed to encode the pair relationships. The geometric representation approach is
employed in [10]. Both note information of queries and database data are converted
into line segments on pitch-time domain. The vertical axis of this domain is pitch
while the horizontal axis is time. Therefore, the line segment length represents the
duration of a note and the vertical position of the line segment denotes the pitch of a
note. The matching between queries and musical data in a database can be imagined
as line segments drawn on a transparent slide sheet shifted vertically and horizontal
over the lines segments representing the musical data in database. The objective of
matching is to find the maximum overlapping between two sets of line segments. In
[11], a weight set modeling approach is employed to tackle the problem. Musical
notes are modeled as a set of weighting points and the proportional transportation
distance (PTD) is employed as a similarity measure. The duration of notes is modeled
as the weights of points while the ground distance computation is based on the pitch
and onset times of the notes. In sub-type (b), MIDI files in the database are rendered
to audio samples by using MIDI hardware synthesizer [12]. Although there is variety
between different hardware synthesizers, vibration of pitch contour of synthesized
acoustic data is similar. The dynamic time warping (DTW) algorithm, which is a
popular approach in speech recognition, is adopted for retrieval. Actually, this
approach transforms the problem to a typical type III problem, which will be
discussed in the next paragraphs.
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Type III
Like type-II, we can also classify type-III into two main sub-types according to the
user input query formats (i.e., symbolic or acoustic formats). Due to lack of
polyphonic note transcription algorithm, converting acoustic query into symbolic
format and matching with symbolic database is extremely difficult. However, since
user queries in symbolic format can always be rendered or synthesized in acoustic
formats [12], we simply regard them as in acoustic data format. In [13], Foote
designed a cost model to match power and spectrogram values at each feature
extraction point over time. The similarity is computed by dynamic programming. In
[12], Hu et al employed chromagram to reduce the effect of decorated notes. To make
their system flexible and practical, the input queries in MIDI format are rendered to
acoustic formats. In [7], Chang proposed to extract the features at the local maxima of
a power curve in order to reduce the feature size. His reasoning was that melody
changes and note onsets usually occur at the maxima points. In addition, Chang also
proposed linearity filtering to penalize temporal nonlinear matching.
Types IV, V and VI
The systems attacking the Type-II and Type-III problems take polyphonic signals as
user queries. Examples of these queries include the segments of target music articles
and the variations of target music. These systems are normally referred to as query-by
example systems and they assume that users can easily find musical segments as
queries. This assumption, however, may not be true in practice. Instead, most users
may simply get the textual information of music articles such lyrics, the name of
singers and the names of songs as input queries. Under such circumstances, instead of
using a sophisticated Type-II or Type-III system for retrieval, a traditional textual
based search engine is indeed sufficient for this purpose.
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Compared with query-by-example systems, query-by-singing or query-by-humming
systems, which are the ultimate goal of type IV, V and VI approaches, are more
attractive, convenient and flexible for most users. Nevertheless, to the best of our
knowledge, no effort has yet been attempted to seriously address the problems in
Type-IV and Type-V. The main reason is the lack of algorithms for main theme
extraction. For Type-VI, it is natural to assume that singing voice is the main theme of
popular songs. The theme extraction problem can thus be reduced as the problem of
singing voice extraction. Yet this is still regarded as a challenging problem. To date,
only few research efforts [8, 9] have addressed this problem. In [9], Song et al assume
that the singing voice is always the dominant signal in an audio clip. Harmonic
enhancement, harmonic sum, note strength calculation, notes segments and note
sequence construction are employed for musical feature extraction and representation.
A dynamic time warping algorithm is then adopted for similarity matching. Song et al
verified their proposed method on a database of 92 audio clips. The length of each
clip is approximately 15- 20 seconds. The reported accuracy is about 76%. In [8], both
stereo and monaural ICA are employed to extract singing voices from popular musical
data. The extracted singing voices are converted into a mid-level representation called
self-similarity sequences. A recurrent neural network is then employed as a similarity
computation mechanism. They achieved an accuracy of 80% on a database of 120
musical clips.
Although [8, 9] can achieve good retrieval accuracy on small musical databases, it is
not clear whether their systems are practical and able to scale to large databases. This
is mainly because their databases contain only short musical clips, instead of
full-length songs. Basically both systems employ full matching or entire matching for
retrieval. As a result, to enable full matching, a song needs to be pre-segmented into
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several pieces and then indexed accordingly in the database. To allow the indexing
and retrieval of full-length songs in a database, users have to sing or hum the whole
song for similarity matching.
In this thesis, we also target solutions for Type-VI systems. In order to make a
Type-VI MIR system practical, we investigate partial matching algorithms for the
similarity measure of short musical queries and full-length songs. In addition, to speed
up retrieval performance, we also propose techniques for the effective representation
and indexing of musical songs.
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Chapter 3

Time-Domain Singing Voice Location

The capability of locating and extracting monophonic signals from polyphonic songs
is the main challenge in setting up a query-by-singing or query-by-humming system
with polyphonic songs as the target database. In other words, this type of systems
should have the ability to extract vocal sounds or main themes from songs and to
match them with what users would sing or hum. Most people, whether having
professional musical training or not, can extract the main theme from music with
arbitrary polyphonic complexity. For a human being, the main theme is a musical
concept which is intuitive and easy to understand. Most people can easily sing or hum
the main theme of a song, even though they cannot describe the way to extract the
main theme from a song. In musical pop songs, main themes are usually inherently
described by singing voices.
This chapter presents our approach for locating singing voices of pop songs in the
time domain. Initially, a Gaussian likelihood ratio (GLR) is used as the distance
measure to temporally detect the boundaries of singing voices and instrumental
sounds. ICA-FX is then adopted to extract the independent components of acoustic
features from the detected segments for classification. A support vector machine
(SVM) is trained to classify each segment as either containing singing voice or not.
Note that the located singing voice segments are not pure singing voices, but rather a
mixture of singing voices and instrumental sounds. In Chapter 4, we will further
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discuss how to extract the “pure singing voices” of pop songs in the frequency domain
by statistical modeling and independent component analysis.
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3.1 Existing Approaches for Singing Voice Location
Due to the special role of singing voices in popular song analysis and retrieval, the
issues of locating singing voices in musical songs have been addressed in [14, 15]. In
[14], a hidden Markov model (HMM) is employed for the simultaneous segmentation
and classification of musical data. With HMM, the proposed log posterior probability
features (log-PPF) are shown to be a reliable feature for the classification of singing
voices and instrumental sounds. The likelihood of log-PPFs under each class is
extracted through the procedure depicted in Figure 3.1.1. For each audio frame, 12th
order perceptual linear predictive (PLP) cepstral coefficients, delta and double delta
are extracted and the feature size is 39 (13× 3) . The PLP features of five continuous
audio frames are fitted into the neural network to extract log-PPFs. Therefore, the
input feature size is equal to 195 (39 × 5) . Such large feature size directly affects the
speed of the classifier.
In [15], a vocal detector is designed to analyze the harmonic energy in a specific
frequency range. This is based on the assumption that the majority of energy in
singing voices falls between 200Hz and 2000Hz. Based on this assumption, a 12th
order Chebychev infinite-impulse response (IIR) filter is employed. By the
observation that above 90% of singing voices are voiced sounds1 [16], an inverse
comb filterbank is used to attenuate the energy of harmonic sound. The ratio of input
and output energies of a filter bank are thus calculated as the feature for classification.
Nevertheless, this approach can achieve only approximately 55% of accuracy due to
the fact that the sounds of some wideband harmonic instruments like piano violate the
underlying observation and assumption.

1

The voiced sound is highly harmonic, i.e., the energy is mainly concentrated at the integer multiple
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Perceptual linear predictive
(PLP) cepstral coefficients of 5
continuous audio frames

A network trained by phone data

Posterior probability for each
phone (PPFs)

Log

Gaussian models for instrument
and singing

Likelihood of the log-PPFs under
‘singing’ and ‘instrument’ classes

Figure 3.1.1 : Extraction of the likelihood of log-PPFs in [14].

3.2 Overview of Proposed Approach

Figure 3.2.1 : System flow of proposed approach.

Figure 3.2.1 shows the flow of our proposed approach. Initially, pop songs are input to
the system and PLP acoustic features are extracted. On one hand, the PLP features are
used to locate the boundaries of singing voice (SV) and instrumental sound (IS) by

18

GLR distance measure. On the other hand, ICA-FX is employed to transform and
reduce the feature dimension of PLP. The segmented audio signals, as well as the
extracted ICA-FX features, are then used for pattern classification by SVM.
3.2.1 PLP Feature Extraction
Perceptual linear predictive coding (PLP) is an extension of linear predictive coding
(LPC). Unlike LPC, PLP takes into account not only vocal tract, but also three
concepts from psychophysics of hearing — (1) the critical-band spectral resolution, (2)
the equal-loudness curve and (3) the intensity-loudness power law [17]. The
procedure for the extraction of PLP cepstral coefficients is shown in Figure 3.2.2.
Audio Data

Fast Fourier Transform

Critical-band analysis

Equal-loudness curve

Power law of hearing

Solution for autoregressive Coefficients

Cepstral coefficients of PLP model
Figure 3.2.2 : The flow of the extraction of PLP cepstral coefficients.

The first step is to convert audio data into frequency domain. Within the critical-band
analysis part, linear scale frequency spectrum is converted to Bark-scale as
Fbark (Ω) using Equation 3.2.1.
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Equation 3.2.1

To compensate high frequency spectrum, in equal-loudness curve module, Equation
3.2.2 and 3.2.3 are applied to mimic human auditory system, whose number of
perceptions are not same in different frequency bands.
E (Ω) =

(Ω 2 + 56.810 6 )Ω 4
(Ω 2 + 6.310 6 ) 2 (Ω 2 + 0.3810 9 )
FEL (Ω) = Fbark (Ω) E (Ω)

Equation 3.2.2
Equation 3.2.3

Since the loudness resolution of human auditory system is nonlinear, in the power law
of hearing module, Equation 3.2.4 is used to model this ability.
L(Ω) = ( FEL (Ω))1 / 3

Equation 3.2.4

The audio features we use are 12th order PLP cepstral coefficients plus deltas and
double deltas from each time frame. The delta and double delta are utilized to measure
the velocity and acceleration of cepstrum changes respectively. The extracted PLP
feature of a frame is represented as a 39-dimensional vector.
3.2.2 Audio Segmentation by Generalized Likelihood Ratio (GLR)
Our aim is to detect the boundaries of singing voices and background instrumental
sounds. As long as most boundary points are correctly detected, the results of
classification will not be seriously affected even if it causes over-segmentation. The
segmentation is achieved by comparing the GLR (generalized likelihood ratio)
distance [18] of two adjoining audio segments and then detecting the possible change
points. Let X = {x1 ,x 2 ,...,x n } as a sequence of PLP features along the temporal
dimension, where x i corresponds to the PLP of ith frame. Two hypotheses are
considered for boundary detection at i th frame:
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H 0 : X = {x1 ,x2 ,...,xn } ~ N(µ , ∑ )
H 1 : X 1 = {x1,...xi } ~ N(µ1 , ∑1 ) and X 2 = {xi +1 ,....,xn } ~N(µ2 ,∑ 2 )

Equation 3.2.5
Equation 3.2.6

where X with mean vector µ and covariance matrix ∑ is assumed to be generated by
a Gaussian model. The likelihood ratio between H 0 and H 1 is defined by

λ=

L( X , N ( µ , ∑))
L( X 1 , N( µ1 , ∑1 )) L( X 2 , N ( µ 2 , ∑ 2 ))

Equation 3.2.7

where L( X , N ( µ , ∑)) is the likelihood of X given model N ( µ , ∑) . By Equation

3.2.7, the GLR distance is computed as
GLR Distance = − log λ

Equation 3.2.8

If there is a change of audio signals at frame i , the product of L( X 1 , N ( µ1 , ∑1 )) and
L( X 2 , N ( µ 2 , ∑ 2 )) will be greater than L( X , N ( µ , ∑)) . Thus, the value of GLR

distance at frame i should be high.

Figure 3.2.3: GLR distance computation

Figure 3.2.3 illustrates the computation of GLR distance by given the audio
frames. X 1 and X 2 correspond to the PLP features in Win1 and Win2. The size of
Win1 and Win2 is equal and is set to 0.5 second (approximately 32 frames). Both
windows are sided by one frame after each GLR distance computation. A median
filter is employed to remove high frequency noises of GLR distance values for
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robustness purpose. The boundary points for audio segmentation are then detected by
locating the local maximum points of distance values, as shown in Figure 3.2.3.
3.2.3 Feature Transformation by ICA-FX

We adopt ICA-FX [19] for the dimensionality reduction of PLP features. ICA-FX, in
contrast to standard ICA, belongs to supervised learning and aims to maximize the
mutual information between features and class label. Two sets of independent
components will be generated. One set which, ideally, carries no information about
class label will be discarded for classification. Let x = [x1 ,x 2 ,...,x n ] T as PLP feature
vector and c as class label. According to Fano’s inequality [20], the lower bound
probability error of estimating c given x is
PE (c|x) ≥

H(c|x) − 1
H(c)-I(x;c)-1
=
log N c
log N c

Equation 3.2.9

where N c is the number of classes, H and I are, respectively, the entropy and
mutual information. In Equation 3.2.9, the problem of minimizing PE (c | x) is
equivalent to maximizing I ( x; c) . Nevertheless, there is no transformation that can
increase I ( x; c) . The aim of ICA-FX is to extract the feature fˆ = [ f1 , f 2 ,..., f m ]T from
a new transformed feature f = [ f 1 ,..., f m ,..., f n ]T , where m < n , such that the values of

I ( fˆ ; c) and I ( f , c) are as close as possible, i.e. the class information loss in
transformation is minimized. Specifically, we have

I ( fˆ ; c) ≤ I ( f ; c) = I (Wx; c)

Equation 3.2.10

where W is a n × n nonsingular matrix that transforms x to a new feature space

f that contains fˆ as one of its subspaces. The feature vector x can be considered
as a linear combination of N independent non-Gaussian sources s = [s1 ,s 2 ,...,s n ] T .
Denote A as a n × n mixing matrix and b as a n × 1 vector, we have
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x = As + bc

Equation 3.2.11

The transformed feature f is obtained by unmixing x . Let u = [u1 , u 2 ,..., u n ]T as
the independent components and v as a n × 1 vector. The feature f is computed
by

f = Wx = u-vc

Equation 3.2.12

To reduce f by n − m dimensions and extract fˆ , the elements of v from m + 1
to n positions are set to zero. In this way, the feature vector [ f m +1 ,..., f n ]T is
independent of class label information and thus can be discarded.
To estimate W , an iterative learning process based on maximum likelihood estimation
is derived
W (t +1) = W (t) + α1 {I - ϕ (u)f T }W (t)
Va

where ϕ (u i ) = −

(t +1)

= Va - α 2ϕ (u a )c
(t)

Equation 3.2.13
Equation 3.2.14

dpi (u i )
1
, v a and u a are respectively the sub-vectors of
×
du i
pi (u i )

v and u without the elements from m + 1 to n . I is an n × n identity matrix

and a1 and a 2 are learning rates. The learning process terminates when

∆W = W (t +1) − W (t ) closes to zero matrix. Once the optimal solution for W is found,
the ICA-FX feature fˆ which corresponds to the first m elements of Wx is
extracted.
The probability of u i , pi (u i ) , is modeled by both sub-Gaussian and super-Gaussian
distributions with density equations and figures shown in the following. The
sub-Gaussian is

p(u ) =

1
( N ( µ , σ 2 ) + N (− µ , σ 2 ))
2

Equation 3.2.15
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Figure 3.2.4 : A Sub-Gaussian distribution against the Gaussian distribution.

Figure 3.2.5 :

A super-Gaussian distribution against the Gaussian distribution.

where N ( µ , σ 2 ) is the normal density with mean µ and variance σ 2 . From Figure
3.2.4, we can observe that PDF of sub-Gaussian (blue curve) is flatter than the
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Gaussian’s. The super-Gaussian is
p(u ) ∝ pG (u)sech 2 (u)

Equation 3.2.16

where PG (u ) = N (0,1) is a zero-mean Gaussian density with unit variance. From
Figure 3.2.5, we can observe that PDF of super-Gaussian (blue curve) is sharper than
the Gaussian’s. This shows that it is with high probability that the value of a random
variable is close to zero.
In our system, we get ϕ (u i ) = u i − tanh(u i ) for sub-Gaussian by setting µ = 1 and

σ 2 = 1 and ϕ (u i ) = u i + tanh(u ) for super-Gaussian. In brief,
ϕ (u i ) = u i + k i tanh(u i )

Equation 3.2.17

where k i = 1 for super-Gaussian and k i = −1 for sub-Gaussian. With the aid of
asymptotic stability condition [21], we can determine k i by statistical approach as
follows
k i = sign( E{sec h 2 (u i )}E{u i2 } − E{u i tanh(u i )})

Equation 3.2.18

3.2.4 Support Vector Machine

Given the detected boundary points based on GLR distance measure, we want to
classify each audio segment according to their acoustic features. The classification is
done by classifying each frame in an audio segment based on the extracted ICA-FX
features. The classification of a segment is based on the principle of winner-take-all.
In other words, if the majority of frames in a segment vote for a particular class, the
segment is regarded as belonging to that class. We employ C-Support Vector
Classification (C-SVC) [22] for the pattern training and classification of audio frames.
We use RBF (radial basis function) as the kernel function to map input vectors into
higher dimensional feature space. SVM usually suffers from the slow training and
testing speed especially for large data set such as audio frames. By using ICA-FX
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features (e.g., 1-dimension), instead of original PLP features (39-dimension), both
training and testing time can be drastically sped up, without significantly degrading
the classification performance.

3.3 Experiments
To test the proposed approach, 5 musical pop songs are used for training, while 25
musical pop songs are used for testing. The audio data are down-sampled to 8kHz
sample frequency. A 1 − 0.95 z −1 filter is applied to pre-emphasize the audio data, and
to complement the energy decrease in the high frequency bands of singing voices. We
set the frame size as 16 ms with a 32 ms hamming window. All the songs are
manually labeled “by ear” to indicate the boundaries of singing voices and
instrumental sounds.
3.3.1 Classification Performance
Table 3.3.1 Classification results by PLP features
IS

SV

Instrumental Sound (IS)

72 %

22 %

Singing Voice (SV)

28 %

78 %

(Confusion Matrix)
Table 3.3.2 Classification results using Chebychev IIR filter
IS

SV

Instrumental Sound (IS)

56.71%

42.78%

Singing Voice (SV)

43.29%

57.22%

(Confusion Matrix)
Table 3.3.1 shows the classification rate of using PLP features and GLR distance
measure. The average accuracy is 75%. Because GLR can cause over-segmentation of
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Table 3.3.3 Classification results by ICA-FX
Frame Level

Feature

Segment Level

Dimension

IS

SV

IS

SV

1

62.56 %

70.60 %

64.68 %

72.45 %

2

62.73 %

70.85 %

64.97 %

72.45 %

3

63.52 %

71.80 %

66.67 %

74.53 %

4

64.81 %

72.15 %

67.12 %

75.05 %

5

67.10 %

73.58 %

70.90 %

77.65 %

6

68.28 %

75.78 %

73.14 %

80.04 %

audio signals, we use the following measure to ensure fairness:
Accuracyi =

∑

seg j ∈ci

ci

seg j

Equation 3.3.1

where Accuracyi is the classification accuracy of class i , while ci is the number
of ground-truth frames in class i , and seg j

is the number of frames in j th segment.

Comparing with the classification accuracy of using Chebychev IIR filter [16] shown
in Table 3.3.2, the classification accuracies of both singing voice and instrumental
sound are efficiently improved. The classification results based on ICA-FX features
are shown in Table 3.3.3. At the frame-level, the classification accuracy of audio
frames (without GLR) is tested. While at the segment-level, the evaluation based on
Equation 3.3.1 is tested. As indicated in Table 3.3.3, when the feature dimension is
reduced from 39 to 1 by ICA-FX, we can still achieve reasonably good performance
in locating singing voices. The overall classification reaches the highest when the
feature dimension equals to 6. Figure 3.3.1 and Figure 3.3.2 shows experimental
results show that further increment in feature dimension only degrades the
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Figure 3.3.1 : The classification accuracy of singing voice against the number of
ICA component.

Figure 3.3.2 : The classification accuracy of instrumental sound against the
number of ICA component.

classification performance. This is probably due to the fact that the independent
components after the sixth dimension are irrelevant to class information, and thus
deteriorate the performance. Notice that when the dimension of ICA-FX features
reaches 6, the classification rate is better than the original 39-dimensional PLP
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features.
As shown in Table 3.3.2, the improvement of segment level classification over
frame-level classification is approximately 1% to 4%. This indicates that the
winner-take-all strategy that we adopt for the classification of GLR partitioned audio
segments is useful in getting rid of outliers and noise frames within a segment.

Table 3.3.4 Comparison of ICA-FX and PCA
ICA-FX

Feature

PCA

Dimension

IS

SV

IS

SV

1

64.68 %

72.45 %

57.50 %

68.74 %

2

64.97 %

72.45 %

58.21 %

69.34 %

3

66.67 %

74.53 %

59.24 %

70.56 %

4

67.12 %

75.05 %

61.62 %

72.39 %

5

70.90 %

77.65 %

63.99 %

73.04 %

6

73.14 %

80.04 %

64.33 %

75.51 %

3.3.2 Performance Comparison

Table 3.3.4 compares the classification rate of features extracted by ICA-FX and PCA.
As shown in the table, ICAFX constantly outperforms PCA in all cases. The main
reason is PCA seeks the directions in feature space that best represent the training data
in a sum-square-sense. ICA-FX, in contrast, seeks the directions that are most
independent from each other, while maximizing the mutual information between
training data and class label information.

3.4 Summary
We have presented a new approach in classifying singing voice and background
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instrumental sound of popular musical songs. Through experiments, we show that
ICA-FX is an effective tool in extracting discriminant audio features, while a GLR
distance measure, in addition to audio segmentation, is useful in isolating outliers
within audio segments. Based the classified SV segments, our next step is to develop
an approach to extract “pure singing voices” up to certain orders of harmonicity
directly in the frequency domain for content-based pop song retrieval.
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Chapter 4
Frequency Domain Singing Voice Extraction

In chapter 3, we have described our approach for singing voice location in the time
domain. The segments with singing voices can be located with reasonably good
accuracy. As a result, the musical segments without singing voice are filtered and thus
the data size is reduced. Nevertheless, the singing voices are still accompanied with
instrumental background music which can affect retrieval accuracy. In this chapter, we
further present two approaches, based on statistical modeling and independent
component analysis respectively, to reduce the interference of background music.
Most musical data is either mono or stereo. In other words, we could get one or two
audio streams from music. In this chapter, we mainly address the approaches for
mono musical data. It is because we can easily convert stereo musical data to mono
while the reverse procedure is difficult. In general, the approaches that are suitable for
mono musical data should also work for stereo musical data.
This chapter is organized as follows. Section 4.1 proposes a statistical method to
reduce the interference due to background music. In this approach, we assume that
singing voice dominates other musical sounds. With this assumption, a sinusoidal
model and adaptive filters are employed. The pass-band of adaptive filter is controlled
based on three statistical models which are used to model the energy distribution of
each audio frame. Section 4.2 describes an approach for the separation of singing
voice and instrument sounds by independent component analysis (ICA). In this
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approach, we assume that we are told of some information about the sources (e.g.,
singing voice and rock music constitute the mixture) of the mixture (pop music
segment). Based on this assumption, we can obtain the training data from the audio
segments which have high similarity with the sources (singing voice and instrumental
sound) in mixture. With the training data, we can construct the statistical models
which capture the characteristics of different sources. Finally, an iterative maximize
likelihood approach is applied to extract sources in mixture. In Section 4.3,
experiments are conducted to compare the performances of two proposed approaches.
Since the statistical approach employs statistical model and applies the adaptive filter
on audio frames, it is a non-iterative approach. The ICA approach, on the other hand,
iteratively maximizes the likelihood and extracts independent sources. Compared with
statistical approach, ICA is computationally intensive. However, ICA does not assume
that singing voice dominates other musical sounds which may not hold for certain pop
songs. Thus, ICA approach is a more generalized approach.

4.1 Singing Voice Extraction with Statistical Model

Pop
Songs

Track
Extraction by
Sinusoidal
Model

Track
Reduction

Singing
Voice
Estimation

Extracted
Singing
Voice

Figure 4.1.1 : The flow chart of Statistical Model Approach.

This approach consists of three major components: track extraction, track reduction,
and singing voice estimation. The goal of track reduction is to extract the singing
voices along both the frequency axis and time axis, while the aim of singing voice
estimation is to segment the singing voices from instrumental sounds along the
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temporal dimension. In this approach, we assume that the energy of singing voice is
higher the energy of instrumental sounds. Figure 4.1.1 illustrates the flow of the
approach.
4.1.1 Track Extraction

Since the singing voices in most polyphonic acoustic data are predominant and have
the larger amount of energy, sinusoidal model [23] is employed to decompose audio
data into different tracks. The actual implementation, similar to [23], is mainly based
on the extraction of significant energy peaks in a spectrum. Figure 4.1.2 shows the
result of one pop musical segment.
4.1.2 Track Reduction

The fundamental frequency of singing voice normally ranges from 87.31Hz (G5) to
784Hz (F2) [24]. The frequencies outside this range are likely from instrument. Thus,
we propose an efficient approach to filter the tracks with frequency means outside the
desired range. The detailed algorithm is as follows:
1. For each time slot t, find a point Pm(t) which locates at the track with maximum
energy.
2. Denote the frequency of Pm(t) as Fm(t). For each time slot t, filter all the points
whose frequency F (t ) ≠ FM (t ) and

F (t ) ≠ K × FM (t ) ± C ,

where K={2,3,4} and C is a

constant.
3. If the higher harmonic has a larger energy than the lower harmonic, filter the points
with the higher harmonic track.
Because sinusoidal model can extract the first to fourth harmonic effectively, the final
tracks retained should contain the higher harmonics with lower energy. Figure 4.1.3
shows the result of one musical segment.
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Figure 4.1.2 : The tracks extracted from a song (sung by a local singer Gigi
Leung) using sinusoidal modeling.

Figure 4.1.3 : The extracted tracks after track reduction (using the same song as
Figure 4.1.2).

4.1.3 Singing Voice Estimation

Singing voice, in general, can be characterized as either right-shift or bell-shaped
distribution, as shown in Figure 4.1.4. Our goal is to segment the singing voices from
pure instrumental sounds by selecting the appropriate thresholds based on these two
distributions.
Let us denote Fme , Fmd and Fst, respectively, as the mean, median and standard
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deviation of fundamental frequency. Right-shift distribution is used to characterize

Figure 4.1.4 : Modeling of singing voices by two statistical distributions: (a)
right-shift distribution, and (b) bell-shaped distribution. The distributions are
generated from thirty pop songs whose fundamental frequencies are zero-mean
and normalized by their standard deviation. Fme and Fmd are the mean and media
frequency of the distribution, respectively.

tracks if |Fme-Fmd| > α Fst. Similarly, bell-shaped distribution is used if |Fme-Fmd| < α Fst.
For right-shift distribution, all the points with frequencies Ft < γFme will be filtered.
For bell-shaped distribution, all the points with Fme+βFst < Ft <Fme-βFst will be
filtered. The parameters α, β and γ are utilized to control the threshold selection. In
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our experiment, we set α = 0.3, β=0.5 and γ=1. Figure 4.1.5 shows the result of one
musical segment.

Figure 4.1.5 : Extracted singing voice tracks by our proposed methods (using the
same song as Figure 4.1.2).

4.2 Singing
Voice
Extraction
Using
Component Analysis (Monaural ICA)

Independent

Two key steps in this approach [39] are: 1) learn the independent basis functions of
sound sources and encode the sources in a statistical manner; 2) separate different
sources based on the trained independent basis functions and statistical setting. First,
we assume that we have the prior statistical settings of sources which are the
components of mixture. Two independent basis functions as well as their statistical
settings are trained for singing voices and instrumental sounds. Maximum likelihood
approach is applied for the learning of basis functions, while Generalized Gaussian
Model (GGM) is adopted for the modeling of statistical settings. Figure 4.2.1 shows
the

flow

of

learning

procedure.

The

mechanism

is

similar

to

expectation-maximization (EM) algorithm. We derive the basis functions in M-step
and then obtain the statistical settings in E-step.
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ICA Basis Functions

ICA Learning
Source

Statistical Models

Figure 4.2.1 : The flow of the learning of ICA functions and statistical settings for
audio wave.

4.2.1 ICA Basis Function Learning

The derivation of ICA basis functions is the first and crucial step of this approach. In
the following paragraphs, we describe the derivation of the learning rules. For each
fix-length segment with N samples drawn from training audio signal, we can model
it as a weighted sum of ICA basis functions as shown in Figure 4.2.2. We formulate
this model as
M v
r
v
x t = ∑ Ai S it = AS t

Equation 4.2.1

i =1

v
v
where x t is the audio segment at time t , ICA basis functions Ai is the column
v
vectors of A and weight factors S it at time t is the element of S t .
v
The goal of learning is to obtain the basis functions Ai and statistical distributions of

v
S it from observation (audio wave) x t . To reduce the complexity of algorithm, we
assume M = N and A has full rank so that we can obtain the inverse basis matrix
r
v
W = A −1 . It implies S t = Wx t . Therefore, we construct the ICA learning algorithm by

maximizing the marginal component densities of the given training data [25].
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v
W * = arg max ∏ p( x t ;W ) = arg max ∏∏ p( S it ) Equation 4.2.2
W

W

t

t

i

where p(a) is the probability of a variable a.
Audio Wave

x

v
A1

S1t
v
A2

S 2t

v
xt

∑

…..

Audio segment
with N samples

S Mt

v
AM
ICA Basis
Functions

v
v
Figure 4.2.2 : The model of audio segment x t with ICA basis functions Ai and
weighting factors S it . The superscript t represent audio segment or weighting
factors at time t .

We take the partial derivative to obtain the optimized value of Equation 4.2.2. We can
imply the learning rule [32]:
WK +1 = WK + α∆W

Equation 4.2.3

v v
∆W ∝ [ I − ϕ ( S ) S T ]WK

Equation 4.2.4

v
v ∂ log p( S )
v
where I is the identity matrix, α is the learning factor, ϕ ( S ) =
and
∂S

v
v
v
S T denotes the matrix transpose of S . The value of ϕ ( S ) is initialized in random
manner like EM algorithm. The proof of learning rule is shown in Appendix (A.1).
v
In the following paragraphs, we will discuss the model of statistical settings p ( S ) .
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The accuracy of statistical setting directly affects the performance of source extraction
(singing voice extraction). The generalized Gaussian model (GGM) [26, 27] is more
flexible than the conventional distribution models such as Laplacian distribution.
Equation 4.2.5 shows the generalized Gaussian model.
p g (Si | θ i ) =

w(qi )

σi

exp[−c(qi )

S i − ui

σi

qi

,θ i = {µ i ,σ i , qi } Equation 4.2.5

where

µ i = E[ S i ] ,
σ i = E[( S i − µ i ) 2 ] ,
⎡ Γ[3 / qi ]⎤
c ( qi ) = ⎢
⎥
⎣ Γ[1 / qi ] ⎦
and w(qi ) =

qi / 2

Γ[3 / qi ]1 / 2
(2 / qi )Γ[1 / qi ]3 / 2

The coefficient qi regulates the deviation from normal distribution. The Gaussian,
Laplacian and strong Laplacian distribution can be modeled by setting q = 2 , q = 1
and q < 1 respectively.

The coefficient of model θ i is obtained by taking

expectation of Sit as EM algorithm. With this model, we can derive

ϕ (Si ) =

∂ log p( S i )
cq
= − i qii S i − µ i
∂Si
σ

qi −1

sign( Si − µ i )

Equation 4.2.6

The derivation of Equation 4.2.6 and the expectation step are shown in Appendix
(A.3). Using the similar learning mechanism of EM algorithm, we iteratively run
expectation and maximize the likelihood until ∆W converges to zero matrix. Using
singing voice and music audio data as training data, we can eventually obtain the ICA
basis functions and statistical model settings for each training data. Also, given an
arbitrary audio data, ICA basis functions and statistical model settings, we compute
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the likelihood of audio data respecting to training data by
T

v
p ( x; W ;θ ) ≅ ∏ p( x t ; W ;θ )
t =1

T
v
= ∏ p(S t ;θ ) ⋅ det W

Equation 4.2.7

t =1

T
⎧N
⎫
= ∏ ⎨∏ p g ( S it | θ i )⎬ ⋅ det W
t =1 ⎩ i =1
⎭

where x is the arbitrary audio data, W denotes the ICA basis functions of training
data, θ is the statistical model settings of training data and Pg denote probability
density function shown in Equation 4.2.5.
4.2.2 Source Separation

With ICA basis functions and statistical model settings of singing voice and
music {W1 ,θ 1 ,W2 ,θ 2 } , we can complete singing voice extraction by performing
maximum a posteriori (MAP) estimation. Figure 4.2.3 shows the architecture of
singing voice extraction. We firstly define the mixture y of singing voice and music
as
y = λ1 x1 + λ2 x 2

Equation 4.2.8

where xi is the observation of the i th source (singing voice or music) and λi is
the weight factor. We thus construct the log likelihood L of both singing voice and
music:

L = log [ p(x1 )p(x 2 )]
⎡ T
v
v ⎤
≅ log ⎢∏ p( x1t ) p( x 2t )⎥
⎣ t =1
⎦
⎡ T
⎤
v
v
 ≅ log ⎢∏ p( x1t ;W1 ) p( x 2t ;W 2 )⎥
⎣ t =1
⎦
T
v
= ∑ log p ( S1t | θ 1 ) + log p ( S 2t | θ 2 ) + T log [ det W1 ⋅ det W 2

[

]

Equation 4.2.9

]

t =1

This equation is the objective function for singing voice extraction. Therefore our goal
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is to adjust x1 and x 2 to maximize L . For convenience, we introduce a new
v
v
notation z it = λi x it . We can rewrite Equation 4.2.8 as
y = z1 + z 2

Equation 4.2.10

v v v
y = z1 + z 2

Equation 4.2.11

v
v
and we can adapt z it instead of xit . We take partial derivative to obtain the property
v
of z it , which is useful for the derivation of learning rule for singing voice extraction.

Extracted
Singing voice

Update
Time shift

Time shift
SV Model

Mixture
Maximize
likelihood

Time shift

Time shift
IS Model

Update
Extracted
instrumental
Sound

Figure 4.2.3 : The architecture of singing voice extraction (SV Model: ICA basis
functions and statistical model setting of singing voice IS model: ICA basis
functions and statistical model setting of instrumental song).
v v
v
v
∂z 2t = ∂( y t − z1t ) = −∂z1t

Equation 4.2.12
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v
v
∂S iktn ∂ (Wik xitn ) ∂xit Wikn
With the derivation v t =
, the learning rule is derived in a
v
v =
λi
∂xit
∂z it
∂z i

gradient-ascent approach and shown in Equation 4.2.13.

∂L
v =
∂z1t

[

]

T
v
v
∂ ∑ log p( S1t | θ 1 ) + log p ( S 2t | θ 2 ) + T log[ det W1 ⋅ det W2 ]
t =1

∂z1t

N
v
v
⎡ ∂
⎤
∂
= ∑ ⎢ t log p ( S1tn | θ 1 ) + t log p ( S 2tn | θ 2 )⎥
∂z1
n =1 ⎣ ∂z1
⎦
N ⎡ N
N
⎧
⎧
W ⎫
W ⎫⎤
= ∑ ⎢∑ ⎨ϕ ( S1tkn ) 1kn ⎬ − ∑ ⎨ϕ ( S 2tnk ) 2 kn ⎬⎥
λ1 ⎭ k =1 ⎩
λ 2 ⎭⎦
n =1 ⎣ k =1 ⎩

Equation 4.2.13

N
N
⎡ N
⎤
∝ ∑ ⎢λ2 ∑ ϕ ( S1tkn )W1kn − λ1 ∑ ϕ ( S 2tnk )W2 kn ⎥
n =1 ⎣
k =1
k =1
⎦
vt
= ∆z1
v
= −∆z 2t

where tn = t − n + 1 , ϕ ( S k ) =

∂ log p g ( S k )
∂S k

v
, Siktn is the k th element of Sitn and

Wikn = Wi (k , n)
We have demonstrated how to maximize L . To complete the derivation of learning
rule for extracting singing voice, we will discuss the estimation of weighting factor

λi in Equation 4.2.8 and 4.2.13. To reduce the complexity of inferring steps, we
constrain the sum of the weight factors to be 1 ( λ1 + λ 2 = 1 ) such that two weight
factors are dependent on each other. The goal of the estimation becomes one
weighting factor λ1 instead of two since λ 2 = 1 − λ1 . The estimation of λ1 is based on
the maximization of its posterior probability (Equation 4.2.14) given {x1 , x 2 }.
p(λ1 | x1 x 2 ) ∝ p( x1 ) p ( x 2 ) p λ (λ1 )

Equation 4.2.14

where p λ denotes the prior density function of λ1 . We thus construct the objective
function in Equation 4.2.15 based on Equation 4.2.14.

42

log[ p(λ1 | x1 x 2 )] ∝ log[ p( x1 ) p( x 2 ) p λ (λ1 )]

= log[ p ( x1 ) p( x 2 )] + log[ p λ (λ1 )]
= L + log[ p λ (λ1 )]

Equation 4.2.15

where L denotes the likelihood defined in Equation 4.2.9. By assuming that λ1
follows a uniform distribution, we thus simplify the estimation to

∂(L + log[ pλ (λ1 )]) ∂L
=
∂λ1
∂λ1
=−

Ψ1

λ12

+

Ψ2

Equation 4.2.16

λ22

N
T
∂L
v
=0 subject to λ1 + λ 2 = 1 and
where Ψi = ∑∑ ϕ ( S ikt )Wik z it Finally, we solve
∂λ1
t =1 k =1

0 ≤ λ1 , λ 2 ≤ 1 . We thus obtain the following rules to update the weighting factor:

λ1 =

Ψ1
Ψ1 +

Ψ2

, and λ 2 =

Ψ2
Ψ1 +

Ψ2

Equation 4.2.17

With these update rule, we can estimate the weighting factors during singing voice
extraction.

4.3 Experiments
In this section, we investigate the performances of two proposed approaches for
singing voice extraction. In the first part of this section, we conduct experiments on
two kinds of acoustic data: pure humming/singing plus background music, and pop
musical segments. In the second part, we compare the performance of two approaches
on the mixture of male/female speech, male/female singing voice and jazz/rock music.
4.3.1 Experiment I

To evaluate the performance of the two approaches, we conduct experiments on two
kinds of acoustic data: pure humming/singing plus background music, and pop
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musical segments. In our experiments, all musical data was converted to PCM
11.025KHz mono wave format. The lengths of all musical data are 8-12 seconds. In
the ICA approach, we obtain two basis functions and statistical settings from a male
speech and a rock music training wave. In both approaches, a window with a
10-frame length is used to reduce the noise bursts of extracted pitch contours.

Figure 4.3.1 : Pitch contour of a pure singing extracted by short-time
autocorrelation. This is sung by a female.

Pure singing + Background Music

The main objective of this experiment is to investigate the performances of two
approaches when background music is added. Here, a MIDI file is used as the
background music and is added to the pure singing data. Figure 4.3.1 shows the pitch
contour of one pure singing, while figures 4.3.2. and 4.3.3 show the extracted pitch
contours of the singing voice from the synthetic data by statistical and ICA
approaches respectively. As indicated in these figures, a few pitch points are
incorrectly extracted due to background music. Nevertheless, both extracted contours
are visually similar with the pure singing voice.
Pop Musical Segments
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In this experiment, real pop musical segments are tested and then compared with their
humming/singing data. Figures 4.3.4 and 4.3.5 show the extracted pitch contours of
the singing voice from pop musical segment using the statistical and ICA approaches.

Figure 4.3.2 : The extracted pitch contour of singing voice from a synthetic pop
musical song using statistical approach (The raw data was generated by adding
background music to the pure singing in Figure 4.3.1.).

Figure 4.3.3 : The extracted pitch contour of singing voice from a synthetic pop
musical song using ICA approach (The raw data was generated by adding
background music to the pure singing in Figure 4.3.1.).

The humming version of this pop song (by a female student) is shown in Figure 4.3.1.
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As shown in Figure 4.3.1, 4.3.4 and 4.3.5, all extracted contours are very similar.
In the experiment I, the performance of ICA and statistical approaches are similar. In
term of speed efficiency, ICA takes about 20-30 minutes while statistical approach
only takes 1-2 minutes.

Figure 4.3.4 : The extracted pitch contour of singing voice from a pop music
segment using statistical approach (The humming version of this song is shown
in Figure 4.3.1).

Figure 4.3.5 : The extracted pitch contour of singing voice from a pop music
segment using ICA approach (The humming version of this song is shown in
Figure 4.3.1).
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4.3.2 Experiment II

In this experiment, we further assess the performance of the two proposed approaches
by using the musical data with higher polyphonic complexity. The synthetic mixtures
are composed of female/male speech, female/male singing voice, jazz music, rock
music and pop music. The performance of each approach is based on the comparison
of its extracted speech waveforms of speech and singing voice. Figures 4.3.6 – 4.3.11
show the extracted speeches and singing voice by the proposed approaches, together
with their original waveforms.
We examine the quality of extracted speeches and singing voices based on human
perception. Ten listeners are invited for this experiment. Table 4.3.1 shows the results
of subjective evaluation from ten listeners.
Table 4.3.1 Human perceptive satisfaction of extracted speech

Extracted speech

ICA approach

Statistical approach

Female speech (in figure 4.3.6)

Good

Bad

Female speech (in figure 4.3.7)

Good

Bad

Male speech (in figure 4.3.8)

Good

Bad

Male speech (in figure 4.3.9)

Good

Acceptable

Female singing voice (in figure 4.3.10)

Good

Acceptable

Male singing voice (in figure 4.3.11)

Good

Acceptable

(Grades for indicating the satisfaction of human perception: Good, Acceptable, Bad.
Good: content can be recognized. Acceptable: content can be guessed or tone can be
recognized. Bad: content is distorted.)
To further study the results of two approaches, we compute the signal-to-noise ratio of
extracted signals. Since the amplitude weight factor of the extracted speeches cannot
be determined by these two approaches, we normalize extracted speeches/singing
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voices before signal-to-noise ratio computation. Table 4.3.2 shows the evaluation
based on signal-to-noise ratio.
Table 4.3.2 Signal-to-noise ratio of extracted speech

Extracted speech

ICA approach

Statistical approach

Female speech (in figure 4.3.6)

10.2

1.4

Female speech (in figure 4.3.7)

5.2

1.1

Male speech (in figure 4.3.8)

10.8

1.5

Male speech (in figure 4.3.9)

8.2

1.6

Female singing voice (in figure 4.3.10)

8.70

1.1

Male singing voice (in figure 4.3.11)

13.1

1.2

From the experimental results in Table 4.3.1, we can observe that the performance of
the ICA approach is good for speech and singing voice while the performance of
statistical approach is bad for speech but acceptable for singing voice. Based on the
experimental results in Table 4.3.2, we can observe that the signal-to-noise ratio of the
ICA approach is much higher than statistical approach’s. From both experiments, we
found that the ICA approach can extract speeches and singing voices with low noise
level while statistical approach can only extract the tones of speeches and singing
voices. Since tones are the main content of singing voice while words are the major
content in speech, the performance of statistical approach is acceptable for singing
voice while bad for speech. Compared with statistical approach, the extracted
waveform by the ICA approach has higher similarity with the original waveform.
Therefore, the ICA approach, in general, is a robust method in extracting
speech/singing voice in audio with higher complexity. Although statistical approach
offers faster speed, the accumulative errors due to background noise can directly
affect its retrieval performance.

Mixture

Extracted Female Speech by Statistical approach

Extracted Female Speech by ICA

Figure 4.3.6: Extracted Female speech from the mixture of male speech and rock music by statistical approach and ICA approach.

Source2 (Female Speech)

Source1 (Rock Music)
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Mixture

Extracted Female Speech by Statistical approach

Extracted Female Speech by ICA approach

Figure 4.3.7 : Extracted Female speech from the mixture of male speech and jazz music by statistical approach and ICA approach.

Source2 (Female Speech)

Source1 (Jazz Music)
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Mixture

Extracted Male Speech by Statistical approach

Extracted Male Speech by ICA approach

Figure 4.3.8 : Extracted male speech from the mixture of male speech and rock music by statistical approach and ICA approach.

Source2 (Male Speech)

Source1 (Rock Music)

50

Mixture

Extracted Male Speech by Statistical approach

Extracted Male Speech by ICA

Figure 4.3.9 :Extracted male speech from the mixture of male speech and jazz music by statistical approach and ICA approach.

Source2 (Male Speech)

Source1 (Jazz Music)
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Mixture

Extracted Female Singing Voice by Statistical approach

Extracted Female Singing Voice by ICA approach

Figure 4.3.10 : Extracted female singing voice from the mixture of female singing voice and pop music by statistical approach and ICA approach.

Source2 (Female Singing Voice)

Source1 (Pop Music)
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Mixture

Extracted Male Singing Voice by Statistical approach

Extracted Male Singing Voice by ICA approach

Figure 4.3.11: Extracted male singing voice from the mixture of male singing voice and rock music by statistical approach and ICA approach.

Source2 (Male Singing Voice)

Source1 (Pop Music)
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4.4 Summary
In this chapter, we have presented two approaches, namely a statistical approach and
the ICA approach, for singing voices extraction. The statistical approach, although
simple and easy to implement, only performs well for simple pop songs. The ICA
approach, in contrast, has higher computational costs but is more reliable. In Chapter
5, we will adapt the ICA approach for pop song retrieval.
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Chapter 5
Polyphonic

Song

Representation,

Indexing

and

Retrieval

In the previous two chapters, we have demonstrated how to extract the singing voice
in the time and frequency domains. In this chapter, we will present the proposed
mid-level representation for song matching. In addition, with the aid of singing voice
location and extraction techniques described in the previous two chapters [28], we
propose approaches for the indexing and retrieval of pop songs. Unlike the works in
[8, 9], with the concern of practicality, we will address the partial matching (user
query is a small segment of target song) instead of full matching. In our system, the
extracted singing voices are represented as two melodic curves that model the
statistical mean and neighborhood similarity of notes. To speed up the matching
between songs and query, we further adopt proportional transportation distance to
index the songs as vantage point trees. Encouraging results have been obtained
through experiments. The main features of this chapter are as follows:
‧ Melodic curve representation. We propose two curves, namely NMC and NSC, to

model the statistical mean and neighborhood similarity of notes for the extracted
SV. In contrast to pitch contour representation that is popularly used in CBMIR,
the proposed melodic curves are robust to noise induced by sound source
separation. The curves are represented as weighted point sets suitable for the time
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series matching by using a modification of Douglas-Peucker algorithm.
‧ Pop song indexing. To speed up the matching of queries and songs in a database,

the proportional transportation distance (PTD) [29] is employed to index pop
songs in vantage point trees. PTD, in contrast to dynamic time warping, is a
pseudo-metric that can be applied directly to measure the distances of melodic
curves for indexing.
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5.1 Mid-Level Representation
We propose two melodic curves, namely note mean curve (NMC) and neighborhood
similarity curve (NSC), for the matching of queries and songs. Unlike pitch contours
that are popularly used to represent monophonic songs, the proposed melodic curves
are tailored specifically to the extracted SV by monaural ICA. The precise source
separation is often impossible, as a result, the extracted SVs are not free of noise.
Existing pitch tracking techniques can not be applied to robustly extract contours from
such noisy signals. To extract melody features, harmonic enhancement [9] is applied
initially. The predominant sound in SV is extracted by selecting the outstanding peaks
compared with the surroundings as follows

ε t (k ) =

W

∑ A( E (k ) − E (k + i))

i = −W

t

t

0≤k≤ N

Equation 5.1.1

where A( x) = x if ∀x ≥ 0 and A( x) = 0 if ∀x < 0 . In Equation 5.1.1, N is the
half window size of short-time Fourier transform, Et (k ) is the energy at

sample frequency
(k − 1) of a SV spectrogram, and Ｗ is the size of support window.
2N −1
One of the most important sources in recognizing songs is the fundamental frequency.
Because human vocal tract usually emphasizes the frequency band at the formant, it
is not appropriate to use the maximum energy to detect fundamental frequency.
Instead, we employ harmonic sum [9] that calculates the average energy of harmonics
for each possible fundamental frequency p as follows
Ft ( p) =

1 ⎣N / p ⎦
∑ ε t (np)
⎣N / p ⎦ n=1

Equation 5.1.2

To speed up the matching of Ft ( p ) , we quantize frequencies into bands based on the
frequencies of musical notes represented in 12 notes per octave. The strength of
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fundamental frequency indexed by p in Equation 5.1.2 is then transformed to a bin
indexed by note m as
Um

∫
N (m) =

Lm

t

Ft (p)dp

0 ≤ m ≤ M-1

U m − Lm

Equation 5.1.3

where Lm and U m are respectively the lower and upper frequencies of note m .
These parameters are calculated as follows: U m = N m × β ,
N m+1 = N m × α ,

Lm = N m × β ,

α = 10 (log 2) / 12 and β = 10 (log 2 ) / 24 . Notice that the average energy of

harmonics is represented in logarithmic scale in order to mimic the frequency
resolution of human auditory perception system. Based on Equation 5.1.3, the note
mean curve (NMC) is computed as

∑
µ(t) =
∑

M −1

N (m) × m

t
m =0
M −1

Equation 5.1.4

N t (m)
m =0

which models the statistical mean of notes along the time axis, and at the meantime,
smoothes certain amount of noises. Neighborhood similarity curve (NSC) is further
computed to capture the cosine similarity of notes between two adjacent frames as
follows
Sim(t ) =

∑
∑

M −1
m =0

M −1
m=0

N t (m) × N t −1 (m)

N ( m) × ∑ m = 0 N ( m )
2
t

Ｍ－１

2
t −1

Equation 5.1.5

Because the noise sources in two adjacent frames are normally similar, the angle
between two note vectors will not be seriously affected. By encoding the cosine
similarity between neighboring notes, NMC curve is robust to noises. Since most
users of query-by-singing are non professional singers, they cannot sing the same
pitch as the original singers.
To tolerate the possible noise in queries, we modify Douglas-Peucker line
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simplification algorithm in [30] to trim the NMC and NSC, and capture the slope
variations in them as the representation of curves. One example is given in Figure
5.1.1. The trimmed curve is represented by the dotted lines.

Figure 5.1.1 : Results of curve trimming.

The goal of Douglas-Peucker is to minimize the number of vertices representing a
polyline with an error constraint T . In our case, we can use the error constraint to
control the noise filtering of the curves. In Figure 5.1.2, we show the original curve
and the flow of Douglas-Peucker line algorithm. As illustrated in Figure 5.1.2 (B),
initially the algorithm attempts to represent the whole polyline with a line
segment AF that connects the first point and last point of the polyline. It thus finds
out the furthest point D from line segment and compute the distance between
them Dist . If Dist > T (T is the error tolerance), it breaks the polyline at the furthest
point. Thus it repeats previous steps on two sub-polylines recursively until Dist ≤ T .
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(A)

The furthest point D
from line segment AF

(B)
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(C)
Figure 5.1.2 : (A) A polyline [ A, B, C , D, E , F ] (In our case, it is either NMC or
NSC ). (B) Using line segment AF (in red) to represent the polyline, T is the
error tolerance in Douglas-Peucker algorithm. (C) Using two line segments AD
and DF to represent the polyline.

Figure 5.1.2 (C) shows the final line approximation of the original polyline. The
pseudo code of Douglas-Peucker line simplification is shown in the Appendix (A.4).
After line simplification, each line segment is represented as S i = {Pi , Di , Li } , where
Pi , Di and Li are respectively the starting point, direction and duration of a line
segment S i . To achieve the curve trimming, we combine line segments S i and
L i + 1 if Di = Di +1 . Finally, either NMC or NSC is represented as a set

{S i | i ∈ [1...N ]}
representation.

where

N

is the number of slope used in the mid-level
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5.2 Indexing and Retrieval
Matching a query and songs is usually a time consuming process. Typical singing
queries from users last for about 10 sec, while the typical length of a popular song is
around 3-5 min. The matching of a query and song by dynamic time warping (DTW),
for instance, is a computationally intensive task. Also, it is not reasonable to do
sequential search in a musical database. To speed up matching, an intuitive solution is
to index each song in database prior to retrieval. Nevertheless, popular time series
matching algorithms such as DTW are non-metric and thus cannot be applied for song
indexing. Instead, we employ proportional transportation distance (PTD) [29] which
is a pseudo-metric and satisfies triangle inequality. Given a song, we employ
breakpoint detection algorithm to partition the song into segments. A vantage point
tree (VPT) [31] of the song is then constructed for indexing by measuring the PTD
distances of segments.
5.2.1 Breakpoint Detection

The starting points of words are identified as the breakpoints to partition a song. The
main reasons for this are: i) people do not start to sing at the middle of words; ii) the
energy will usually increase sharply when people start to sing a word. Let the average
power of a frame at t as

∑
P (t ) =

N /2
k =0

Et ( k )

N / 2 +1

Equation 5.2.1

where N is the window size of short-time Fourier transform. The breakpoints are
located at the local maximum points of the first derivative of P (t ) . The spectrogram
Et (k ) is then partition into segments of fixed length interval (4 seconds in our case)
at the detected breakpoints. Subsequently, the NMC and NSC curves of each segment
are extracted for indexing.
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5.2.2 Proportional Transportation Distance

Before we discuss the data structure for indexing, we address the distance
measurement between the query and songs. Proportional transportation distance [37]
(PTD), which is the modification of earth mover’s distance [38] (EMD), is employed
as our distance measurement. Both PTD and EMD measure the distance between two
weighted point sets based on a solution of the well-known transportation problem [33].
In transportation problem, there are several suppliers with given amounts of goods
and several consumers requiring given amounts goods. The objective of this problem
is to minimize the cost of the delivering goods from the suppliers to consumers. In
EMD and PTD, one weighted point set is modeled as a mass of earth spreading in
space while another one is modeled as hole in the same space. The aim of problem is
to obtain the flow to fill up the hole with minimum amount of work done. A weighting
pre-normalization is the major amendment of PTD such that two total amount of
weights in two point sets are equal as Figure 5.2.1 shows. Due to this
pre-normalization, PTD is a pseudo-metric and possesses the triangle inequality
property which is the crucial criterion of data indexing. The proof that shows PTD is a
pseudo-metric is given in Appendix (A.2).
Denote A = {( a1 , wa1 ),..., (a m , wam )} and B = {(b1 , wb1 ),...(bn , wbn )} are 2 weighted
point sets. D gnd = [d ij ] is the ground distance matrix where d ij is the ground
distance between point ai and b j . F = [ f ij ] denotes the set of all possible flows
and f ij is the flow between ai and b j . We thus define the PTD as the follows:
Pre-normalization:
WaiN =

wai

and WbiN =

m

∑w
k =1

ai

wbi
n

∑w
k =1

bi

Equation 5.2.2
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Therefore,

m

n

k =1

k =1

∑WaiN = ∑WbiN = 1 .

A

Pre-normalization
EMD

B

Distance

Pre-normalization

Figure 5.2.1 : The flow of proportional transportation distance. D and Q denote
two weighted point sets.

Work done minimization:

m n
⎧
⎫
min ⎨WORK ( A, B, F ) = ∑∑ f ij d ij ⎬
i =1 j =1
⎩
⎭

Equation 5.2.3

subject to the constraints:
f ij ≥ 0

1≤ i ≤ m, 1≤ j ≤ n

n

∑f
j =1

ij

m

∑f
i =1

ij

= WaiN , 1 ≤ i ≤ m

= WbjN , 1 ≤ j ≤ n

Thus,
⎫
⎧m n
min f ∈F ⎨∑∑ f ij d ij ⎬
⎭
⎩ i =1 j =1
PT D( A, B) =
m n
∑∑ f ij

Equation 5.2.4

i =1 j =1

In our case, the NMC (or NSC curve) of each segment are represented as a set of
weighted points, and each point encodes the information of a slope S . The weight of
S is the duration L which will be flowed from one segment to the other. The
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distance between two points is defined in term of the starting point P and direction
D of S . Denote S i = {Pi ,Di ,Li } and S j = {Pj ,D j ,L j } as two points of the segments
A and B respectively. The ground distance between S i and S j of a NMC curve is
defined as
d NMC ( S i , S j ) = α ( Pi − Pj ) 2 + (1 − α )( Di − D j ) 2

Equation 5.2.5

where 0 < a < 1 is a weighting parameter to control the sensitivity between distances
of starting points and directions. Denote Lij as the weights flowed from S i to S j
and let F = [Lij ] as the set of all feasible flows. Then, by PTD, the distance between
segments A and B of a NMC curve is
DNMC ( A, B) =

min f ∈F ∑S ∈A ∑S ∈B Lij × d nmc ( S i , S j )
i

j

∑ ∑
Si ∈A

S j ∈B

Lij

Equation 5.2.6

The PTD distance of a NSC curve, DNSC , is calculated in the same way. PTD is a
pseudo-metric if the ground distance is a metric. Therefore we show that our ground
distance is a metric. Here is the definition of a metric.

Definition of a Metric

A simirlarity measure d (⋅ , ⋅) on a set S is a nonnegative value function
( d : {S × S} → R + ∪ {0} ). d (⋅ , ⋅) is a metric if d has the following properties:
i)

Self-identity: ∀x ∈ S , d (x, x ) = 0 .

ii)

Positivity: ∀x, y ∈ S , x ≠ y , d ( x, y ) > 0

iii)

Symmetric: ∀x, y ∈ S , d ( x, y ) = d ( y, x )

iv)

Triangle inequality: ∀x, y, z ∈ S , d ( x, y ) ≤ d ( z , x ) + d ( z , y )

Due to 0 < a < 1 , Equation 5.2.5 trivially holds property i –iii). We only need to prove
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triangle inequality.
Lemma:

Let a1 , a2 ,…, an and b1 , b2 ,…, bn be two sets of real numbers.
2

n

∑ (ai + bi )

n

n

∑ ai2 +
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i =1

2
i

i =1

Proof:

From the Cauchy-Schwarz inequality,
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Now, we show that our ground distance possesses triangle inequality properties.
Let three slopes S x , S y and S z . We prove that
d nmc (S x , S y ) ≤ d nmc (S x , S z ) + d nmc (S z , S y ) .
Proof:
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d nmc (S x , S z ) + d nmc (S z , S y )
= α (Px − Pz ) + (1 − α )(Dx − Dz ) + α (Pz − Py ) + (1 − α )(Dz − Dy )
2

=

2

2

( α ) (P − P ) + ( 1 − α ) (D − D )
2

2

2

x

2

z

x

z

2

( α ) (P − P ) + ( 1 − α ) (D − D )
2

+

2

2

z

y

2

z

y

Now let a1 = α (Px − Pz ) , a2 = 1 − α (Dx − Dz ) , b1 = α (Pz − Py ) and
b2 = 1 − α (Dz − Dy ) . We apply the lemma such that
d nmc (S x , S z ) + d nmc (S z , S y )
≥

[ α (P − P ) + α (P − P )] + [ 1 − α (D − D ) +
2

x

z

z

y

x

z

]

1 − α (Dz − Dy )

2

= α (Px − Py ) + (1 − α )(Dx − Dy )
2

2

= d nmc (S x , S y )
5.2.3 Data Structure for Music Indexing

For the matching of singing queries and pop songs in database, exact matching is
almost impossible. Therefore, we consider the data structures originally designed for
K-nearest neighbour retrieval. Basically, there are two models: (a) vector space model
(distance preserved approach) and (b) metric space model (distance-based approach),
proposed for this purpose. R-tree [36] and its variances are a popular example of
distance preserved approach due to its compatibility on traditional database systems.
In distance preserved approach, FastMap algorithm [34] or multidimensional scaling
[35] is employed as a preprocessing step to map the data objects and queries to k
dimensional points. One disadvantage of this mapping is that some distance
information will be lost. Also, it is difficult to determine a proper k to achieve high
accuracy. While in distance-based approach, we only make an assumption that
triangle inequality is a property of distance measurement. This approach obviously

68

saves the computation cost of mapping between data objects and k-dimensional points
and has no distance information loss. Vantage point tree is an example of this
approach with outstanding performance [31]. In our case, the number of slopes (the
number of features) representing an index music segment is not a constant. In distance
preserved approach, it is therefore difficult to obtain a robust mapping between our
mid-level representations and k-dimensional points. While we employ the
distance-base approach, the distance between two music segments (two sets of
features) can be easily computed by PTD that is shown to possess the triangle
inequality property in the previous subsection.
5.2.4 Query Processing and Matching

Given a monophonic query, the entropy-based endpoint detection algorithm in [8] is
applied to remove the silent segments. The query is then converted into NMC and
NSC melodic curves. Usually most users cannot keep the same tempo as the original
singers. To tolerate the temporal error, we scale the NMC and NSC curves with a
scale factor r = 1 + i / 20 , where − 5 ≤ i ≤ 5 . The search of similar songs consists of
two steps. In the first step, the first 4-second segment of a scaled curve is extracted to
rapidly locate the potential candidates in VP-trees while filtering most of the false
matches. In the second step, all the candidates are compared with the query again, but
with the duration same as the length of the query. Let Q as a query and C C as a
candidate, the similarity between Q and C is
Sim(Q, C ) = min
r

Ld
β × Dnmc (Qr , C r ) + (1 − β ) × Dnsc (Qr , C r )

Equation 5.2.7

where the subscript r represents the scale version of a curve and 0 ≤ β ≤ 1 is a
parameter to control the weights of NMC and NSC curves. Ld = Q / C

if

Q ≤ C , otherwise Ld = C / Q . The |Q| and |C| represent the number of slopes in Q
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and C respectively. The parameter Ld ≤ 1 is used to control the degree of
similarity when Q ≠ C .

5.3 Experiment Results
We conduct experiments on a database of 92 popular songs. The average length of
each song is about 4 minutes, and in total we have approximately 6 hours of songs.
After applying the breakpoint detection algorithm, each song, on average, is
partitioned into 450 segments. As a result, there are about 40,000 segments being
indexed by the VP-trees.
Table 5.3.1 Retrieval accuracy
Ranking

PTD

DTW

Random

Top-1

5.88%

5.88%

1.09%

Top-3

11.76%

11.76%

3.26%

Top-5

29.41%

29.41%

5.43%

Top-10

58.82%

64.71%

10.87%

We collect 17 queries of different songs from 10 males and females for testing. Each
person sings about 10 seconds. The main challenges in this experiment are: i) we use
a tiny length query (10 sec) to match 40,000 segments in the database; ii) the
matching needs to tolerate errors caused by blind source separation. The retrieval
results based on PTD are shown in Table 5.3.1. The empirical parameters we set are
W = 3 (Equation 5.1.1), α = β = 0.6 (Equation 5.2.5 and Equation 5.2.7). In the

table, top-n means the rate of queries that retrieves correct pop songs within the top n
rank. The experimental results indicate that the performance is reasonably good since
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around 60% of correct matches are ranked within the top 10 positions. Several correct
answers are not included within the top 10 rank mainly because of the noise induced
in signal separation. One correct answer is in very low rank because the beginning of
corresponding segment in the pop song is mis-classified as an instrumental sound. As
a result, the segment is not indexed in VP trees.

(a) NMC of a query

(b) NMC of pop song

(c) NSC of query
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(d) NSC of a pop song

(e) Pitch Contour of query

(f) Pitch Contour of a pop song
Figure 5.3.1 : Comparison of NMC, NSC curves and pitch contour of a query
and the corresponding segment in pop song.

To contrast the performance of PTD and DTW, we conduct another retrieval
experiment by DTW with the same set of queries. Because DTW is not metric, we
apply approximation approach in [40] to make indexing being possible. The results
are shown in Table 5.3.1. As indicated in the table, although the results of DTW are
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better than PTW, approximation requires computational power and higher storage
complexity for higher and lower bound. In terms of speed efficiency, the retrieval
based of PTD is approximately faster than DTW. In Table 5.3.1, we also show the
results of random selection as a baseline comparison.
In Figure 5.3.1, the NMC, NSC and pitch contours of a query and its corresponding
segment in the pop song are shown. In contrast to the pitch contours generated by
auto-correlation, the NMC and NSC curves of query and pop song are quite similar.

5.4 Summary
We have presented our proposed approaches in matching singing queries with
polyphonic pop songs. Although the current database we use is still considered small,
the problem we face is technically challenging. This is mainly because we use the
complete songs (a total of 20,000 segments), instead of small clips of songs for
retrieval. Important findings from our works include: i) polyphonic signal separation
is a hard yet important step in guarantee the success of our application; ii) the NMC
and NSC curves are robust melodic representation for ICA extracted singing voices;
iii) PTD is a good similarity measure for song indexing and query matching.
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Chapter 6

Conclusion

In this thesis, we have presented our approach to singing voice location and extraction,
indexing and retrieval of popular songs in musical databases. These approaches form
a basis framework for content-based popular music retrieval with query-by-singing
(QBS) and query-by-humming as interface. The partial matching and data indexing
algorithms are embedded in our framework to support the management of musical
database (about 20000 segments). In contrast to previous research of QBS systems
where the databases only contained small pop music clips, we propose solutions on
how to index and retrieve the whole piece from a database. While the focus of most
previous studies has been the similarity measure between the query and musical clip,
we began this thesis by investigating techniques for the preprocessing of pop songs
prior to retrieval. Since vocal sounds play a special role in popular musical data, the
extraction of singing voice becomes an important initial step in pop song retrieval.
Although singing voice extraction is addressed in [8], singing voice location has not
yet been addressed. In general, singing voice does not occur over the whole pop song.
Singing voice location is important in reducing noise for retrieval and saving the
computational power in extracting “meaningless vocal sound” on the musical
segments without singing voice. In our system, we proposed a novel approach based
on ICA-FX and SVM for singing voice location. ICA-FX can successfully reduce the
dimensionality of features while achieving even better classification accuracy. This
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approach has been applied by us as a preprocessing step for ICA singing extraction.
Normally users do not sing a whole song as a query for retrieval. Instead, they sing a
small segment of a song that probably lasts for a few seconds. This small segment can
start from anywhere in a song with a typical length of several minutes. This simple
fact illustrates the challenges in searching songs identical or similar to a query in a
database. In this thesis, we propose the use of local maximum energy points to locate
the potential start points for initial matching. Furthermore, we employ a vantage point
tree (VPT) and proportional transportation distance (PTD) to speed up the search
performance. Unlike dynamic time warping, PTD is a metric. Therefore, PTD can be
used to construct a vantage points tree for data indexing. To facilitate effective and
efficient matching, we also propose two mid-level representations, note mean curve
and neighbour similarity curve, to model the melody of songs. Unlike the
self-similarity sequence proposed in [8], our mid-level representations are suitable for
partial matching. The curves of a small query clip usually have similar slope changes
with the target segment of a song. The slope changes are robust to noise and not
seriously affected by surrounding segments.
In future, we will analyze the structure of popular music data. Usually, the main
melody of popular songs repeats several times. Therefore, by analyzing the internal
structure of popular music, we can effectively reduce the search time for the target
segment. Along with the applications in music retrieval, audio data analysis is also
useful in video retrieval. Most research in video retrieval is based on visual data.
Indeed, the audio signal of a video is another important feature of event definition.
For example, an explosive sound is useful in recognizing video clips with
action-oriented genres. In addition, human voice extraction and lip reading techniques
also provide useful tools for obtaining high-level semantic features. We believe that
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the role of audio data analysis will become more and more important in multimedia
research.
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Appendix

A1. The Proof of ICA Learning Rule
In this section, we explain how to maximize likelihood approach to achieve the
extraction of independent components. We first define the relative entropy or
Kullback Leibler distance between two probability mass functions p (x ) and q ( x ) :
D( p ( x ) | q ( x )) = ∫ p ( x ) log

p(x )
dx
q(x )

Claim:
D ( p ( x ) | q ( x )) ≥ 0 with equality if and only if p ( x ) = q ( x ) for all x .

Proof:
− D( p( x ) | q( x ))

p(x )
dx
q(x )
q(x )
dx
= ∫ p ( x ) log
p(x )
q(x )
dx
≤ log ∫ p( x )
p(x )
= − ∫ p( x ) log

= log ∫ q ( x )dx
= log 1
=0

Based on the claim, we use relative entropy to measure the similarity or fitness
between two probability mass functions p (x ) and q ( x ) . Based on equation 4.2.1, we
can construct an independent component probability mass function
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p (x | A) = ∏ p i ( a i x) , where A is the demixing matrix, a i is the i row vector of A
th

i

and p i (•) is the probability mass function of ith independent component.
Ideally, D( p ( x ) | p (x | A)) = 0 if A can extract the independent component from
mixture x . Therefore, we can derive the rule by minimizing the value
of D( p( x ) | p( x | A)) . The derivation is shown as follows:
D( p( x ) | p (x | A))
= ∫ p( x ) log

p(x )
dx
p ( x | A)

= H (x ) − ∫ p ( x ) log p( x | A)dx

where H (x ) is the entropy of x and

∫ p(x )log p(x | A)dx

is the likelihood of x

respecting to probability model p( x | A) . Since H (x ) is a constant, we can
maximize the likelihood

∫ p(x )log p(x | A)dx

to extract the independent components.

Now we know why we can extract independent components by maximizing data
likelihood. In the follows, we will explain how to derive the learning rules (Equation
4.2.3 and Equation 4.2.4) from Equation 4.2.2.
W*
T
v
= arg max ∏ p( x t ;W )
W

t =1

T

= arg max det (W ) ∏∏ p( Sit )
W

t =1

i

T
Equation 4.2.2
⎛
⎞
= arg max log⎜⎜ T det (W ) ∏∏ p( Sit ) ⎟⎟
W
t =1 i
⎝
⎠
T
r
⎧
⎫
= arg max ⎨log det (W ) + log ∏ p( S t ) + log T ⎬
W
t =1
⎩
⎭
T
r
⎧
⎫
= arg max ⎨log det (W ) + ∑ log p S t + log T ⎬
W
t =1
⎩
⎭

( )

where p(a ) is the probability of a variable a .
We take derivative to obtain the learning rules. Since
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∂
log det(W ) = W '
∂W

( )

−1

∂
log T = 0
∂W

,

( ) ( ) ( )

r
r
rt
r r '
∂
1 ∂p S t ∂St
log p S = r t ⋅ r t ⋅
= −ϕ S t x t , ∆W ∝ W '
∂W
∂W
∂S
pS

( )( )

( )

−1

and

( )( )

r r '
−ϕ S t xt .

(We only consider one datum in this learning rule. In practice, we take expectation of
this learning over all data.)
In order to maximizing the likelihood, we follow the ‘natural’ gradient approach to
rescale learning rule with

{(

∆W ∝ W '

)

−1

( )( ) }

W 'W . Therefore,

{

( ) }

r r '
r r
− ϕ S t x t W 'W = I − ϕ S t S t W

A.2. PTD Triangle Inequality Proof
In this section, we show PTD is a metric and possesses triangle inequality. Let

{f }
ij

is the optimal flow from a point set P to another point set Q and {g jk } is the
optimal flow from point set Q to point set R . We illustrate that the work done in
moving the mass from point set P to point set R is no more than the work done to
travel from point set P to point set R via point set Q . We denote bijk is the flow
moving mass from point pi to point rk via point q j . Since total mass of source
and destination are same , we can observe that

∑b

ijk

k

= f ij and

∑b

ijk

= g jk . We also

i

define

∑b

ijk

= hik

j

Since PTD(P, R ) is work done with optimal flow and hik is some flow from point
set P and point set R ,
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PTD(P, R )

≤ ∑ hik d ( pi , rk )
i ,k

= ∑ bijk d ( pi , rk )
i , j ,k

≤ ∑ bijk d ( pi , q j ) + ∑ bijk d (q j , rk )
i , j ,k

i , j ,k

= ∑ f ij d ( pi , q j ) + ∑ g jk d (q j , rk )
i, j

j ,k

= PTD(P, Q ) + PTD(Q, R )

A.3. The Derivation of Equation 4.2.6 and Expectation Step
of ICA Basis Learning
The derivation of Equation 4.2.6

Let us start our proof from Equation 4.2.5
pg (Si | θ i ) =

w( qi )

σi

exp[−c( qi )

qi

Si − µi

]

σi

ϕ (Si )
=
=

∂ log p( S i )
∂S i

1 ∂p(S i )
⋅
p(S i ) ∂S i

1
∂
=
⋅
p(S i ) ∂S i

⎧⎪ w(q )
S − µi
i
exp[−c(qi ) i
⎨
σi
⎪⎩ σ i

w(qi )
S − µi
1
exp[−c(qi ) i
=
⋅
σi
p(S i ) σ i
1
∂
=
⋅ p(S i ) ⋅
p(S i )
∂S i
=

− c(qi )

=−

σ

qi
i

⋅

σ

qi
i

⎧⎪
Si − µ i
⎨− c ( q i )
σi
⎪⎩

∂
Si − µ i
∂S i

c ( qi ) ⋅ qi

Si − µ i

qi

∂
]⋅
∂S i
qi

⎫⎪
⎬
⎪⎭

qi

qi −1

qi

⋅ sign( S i − µ i )

⎫⎪
]⎬
⎪⎭
⎧⎪
Si − µ i
⎨− c ( q i )
σi
⎪⎩

qi

⎫⎪
⎬
⎪⎭
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Expectation step of ICA basis learning:

Since we do the pre-whitening on data, we assume S i with zero mean and unit
variance. Therefore, the expectation step is to estimate the value of qi from data.
Here, we introduce a new notation β i = 2 − 1 . We complete the estimation by simply
qi

finding the maximum posteriori value of β i . The posterior distribution of β i given
the observations S i = {S i1 , S i 2 ,.., S iN } is

p(β | S i ) ∝ p(S i | β ) p(β ) ,
Where the data likelihood is

(

p(Si | β ) = ∏ w(β ) exp − c(β ) Sin

2 / (1+ β )

),

n

⎡ ⎡3
⎤⎤
⎢ Γ ⎢ 2 (1 + β )⎥ ⎥
⎦⎥
c(β ) = ⎢ ⎣
⎢ Γ ⎡ 1 (1 + β )⎤ ⎥
⎥⎦ ⎥
⎢⎣ ⎢⎣ 2
⎦

1 / (1+ β )

,

1/ 2

⎡3
⎤
Γ ⎢ (1 + β )⎥
⎣2
⎦
w(β ) =
3/ 2
⎡1
⎤
(1 + β )Γ ⎢ (1 + β )⎥
⎣2
⎦
and p (β ) defines the prior distribution for β . The general Gaussian distribution
will become a uniform distribution when β → −1 , therefore we assume β > −1
and

model p (β ) ~ Gamma(1 + β | a, b ) . We choose the values a = 2 and b = 2

gives a broad prior distribution with a 95 % density range of [-0.5, 10.5] for our
estimation of β .
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A.4. Pseudo Code Douglas-Peucker Algorithm
In chapter 5, we proposed a curve trimming based on Douglas-Peucker algorithm.
Here we show the pseudo code of Douglas-Peucker algorithm in detail:
Input: a) L = {V1 , V2 ,..., Vn } is an arbitrary polyline with n vertices

b) Tolerance: T
Algorithm:

1. Initially mark V1 and Vn
2. Simplify_Line( L , T , 1 , n ) //recursive line simplification function
3. S = {empty set}

4. for each vertex in L
if vertex is marked
insert into S
Output: S // the vertices of simplified polyline

//recursive line simplification function
Simplify_Line( L , T , Start _ pt , End _ pt ){
If End _ pt ≤ Start _ pt + 1
Return;
Else {
// store max. distance between the vertices and line segment VStart _ ptVend _ pt
Max_distance=0;
//store index of vertex which is furthest from the line segment
// VStart _ ptVend _ pt
Max_index= -1;
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For i= Start _ pt + 1 to End _ pt − 1 {
//compute the distance from vertex Vi to line segment VStart _ ptVend _ pt
Dist=Distance( Vi , VStart _ pt , Vend _ pt );
If Dist > Max_distance {
Max_distance=Dist;
Max_index=i;
}
}
if Max_distance > T {
Mark VMax _ index
Simplify_Line( L , T , Start _ pt , Max _ index );
Simplify_Line( L , T , Max _ index , End _ pt );
}
}
}
//compute the distance from vertex Vi to line segment VStart _ ptVend _ pt
Distance ( Vi , VStart _ pt , Vend _ pt ){
D proj =

D=

ViVStart _ pt • VStart _ ptVEnd _ pt

ViVStart _ pt

return D
}

VStart _ ptVEnd _ pt
2

2
− D proj
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