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Bayesian Model
Seokhwan Jo, Student Member, IEEE, Chang D. Yoo, Member, IEEE, and Arnaud Doucet

Abstract—This paper proposes a melody tracking algorithm
based on the state-space equation of the parameters that define
melody. The parameters that consist of melody pitch and harmonic amplitudes are assumed to follow two uncoupled first-order
Markov processes, and the polyphonic audio is related to the parameters such that the current framed segment of the polyphonic
audio is conditionally independent of other framed segments given
the parameters. The transition probability of the melody pitch is
defined based on a number of statistical characteristics of music
that account for small and large variation in melody, and for
reasons of mathematical tractability, the transition probability
of harmonic amplitude is assumed to be Gaussian. To estimate
and track the parameters, the sequential Monte Carlo method
is utilized. Experimental results show that the performance of
the proposed algorithm is better than or comparable to other
well-known melody extraction algorithms in terms of the raw
pitch accuracy (RPA) and the raw chroma accuracy (RCA).
Index Terms—Melody extraction, sequential Bayesian model, sequential Monte Carlo method, state-space equation.

I. INTRODUCTION

M

ANY people recognize music, even when it is polyphonic, by the monophonic sequence composed of the
most salient notes: the melody. To mimic this human ability
to recognize polyphonic music, melody extraction from polyphonic audio is playing an important role in many fields including music information retrieval (MIR), audio plagiarism,
and music analysis [1], and as a result, has emerged as an important research area.
Although the debate over the definition of melody is ongoing
[1]–[3], many experts concur that melody should be the most
dominant pitch sequence of a polyphonic audio, and this is
equivalent to defining melody as the pitch sequence of the
singing voice in the vocal part and of the leading instrument
in the nonvocal part of music. If we follow the notion that
melody is the pitch sequence that people recognize polyphonic
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music by, then indeed, most people recognize music by the
vocal sound or the sound of the leading instrument. With this in
mind, we extract the single most dominant pitch sequence from
a given polyphonic audio as the melody.
Many melody extraction algorithms have been proposed over
the last decade [2]–[13]. Goto uses the expectation–maximization (EM) algorithm to extract multiple pitches, and afterwards,
incorporates simple rules concerning the temporal continuity of
melody in obtaining the melody line [2]. Paiva et al. extract
melody based on certain simple rules characterizing melody
and music [3], [4]. Poliner et al. use support vector machine
(SVM) to extract melody, and afterwards, use the Viterbi algorithm to smooth the raw melody line [5], [6]. Ryynänen et
al. use hidden Markov model (HMM) trained for each note to
transcribe melody [7], [8]. Cao et al. use a subharmonic summation spectrum to extract melody pitch candidates, and obtain
the melody line by harmonic tracking [9]. Durrieu et al. use
non-negative matrix factorization (NMF) to estimate model parameters of a singing voice, and then, use the Viterbi algorithm
to smooth the melody line. [10], [11]. Tachibana et al. enhance
fluctuation and shortness components, which are the characteristics of singing voice, using a harmonic/percussive sound separation (HPSS) [14], [15], and then use a simple dynamic programming to obtain a smooth melody line [12], [13].
Although the aforementioned algorithms have their differences, most follow a common framework in that they obtain
the melody line in two steps: 1) extract multiple pitches from
each frame; and then 2) construct melody line based on the
assumption/observation that successive pitches of melody are
highly correlated. Of the two steps, the primary concern with
each algorithm is extracting multiple pitches with high recall
and precision.
The proposed algorithm tracks melody in a single step by considering 1) a probabilistic relation between melody and polyphonic audio and 2) a state-space equation of the parameters
that define melody. None of the algorithms mentioned so far
has attempted to mathematically model the dynamics of the
melody parameters. In the proposed algorithm, the parameters
consisting of melody pitch and harmonic amplitudes are assumed to follow two uncoupled first-order Markov processes,
and the current framed segment of polyphonic audio is assumed
to be conditionally independent of other framed segments given
the current melody pitch and harmonic amplitudes. A sequential Bayesian model can be constructed to represent the probabilistic relation among melody pitch, harmonic amplitudes, and
polyphonic audio.
Before melody pitch and harmonic amplitudes can be estimated and tracked, the likelihood and transition probabilities of
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the Markov processes must be obtained. In estimating the likelihood, the accompaniment, which is considered the residual
of the melody (the difference between polyphonic audio and
melody), is assumed to follow a multivariate Gaussian distribution. The transition probability of the melody pitch is obtained
based on the statistical characteristics of music that account for
small and large variation in melody, and the transition probability of the harmonic amplitudes is assumed to be Gaussian for
reasons of mathematical tractability. Once the likelihood and
transition probabilities are obtained, the sequential Monte Carlo
(SMC) method [16] is used to estimate and track the melody
parameters.
This paper is organized as follows. Section II presents the
sequential Bayesian model for melody extraction. Section II-A
discusses the likelihood of the considered model. Section II-B
discusses the transition probability of the considered model.
Section II-C describes the setting of parameters for likelihood
and transition probability. Section II-D summarizes the considered model for melody extraction. Section III presents the
SMC method to estimate the melody parameters from the considered sequential Bayesian model. Section III-A describes the
design of sequential importance density which is important in
the SMC method. Section IV provides evaluation results, and
finally Section V concludes the paper.

Fig. 1. A sequential Bayesian model for melody extraction. z , f , and A
are polyphonic audio, melody pitch, and harmonic amplitudes, respectively.

(5)
Furthermore, it is observed that successive parameters of
and
are highly correlated, and the dynamics of
and
can be represented by uncoupled Markov chains with respective
transition probabilities given by
(6)
and
(7)

II. SEQUENTIAL BAYESIAN MODEL FOR MELODY EXTRACTION
Melody can be represented as a sum of harmonically modulated sinusoids. This paper defines the th frame of melody
by the melody-pitch-harmonic model
segment with pitch
(MPHM) given by

It is also assumed that
is conditionally independent of
for
given
and
(equivalent to assuming
being
independent of
for
), and its likelihood is denoted as
. Therefore, the likelihood satisfies the following:
(8)

(1)
where
and
are the th harmonic amplitude and the
is the
phase of the th harmonic, respectively. In addition,
number of harmonics, and
is the analysis window function.
The polyphonic audio can be expressed as
(2)
and
are the polyphonic audio and accompawhere
niment in the th frame, respectively. In the frequency domain,
the following relationship holds:
(3)
where , , and are the -point discrete Fourier transforms
,
, and
, respectively.
(DFT) of
For melody extraction, the parameters of the MPHM must be
estimated from polyphonic audio. The phase of the MPHM is assumed to be the same as the phase of the polyphonic audio since
melody is in general louder than the accompaniment. Thus,
and
are latent while is observed.
and , but observing
There is no dependency between
renders
and
to be dependent. Thus, the following relationship holds:
(4)

where
denotes a
Henceforth, the notation
-dimensional vector
.
From this perspective, a sequential Bayesian model with two
uncoupled Markov chains can be constructed as shown in Fig. 1.
Edges connecting the parameters to the corresponding framed
segment of the polyphonic audio are also included to represent dependency between parameters and observation. The two
to and
to represent
.
edges linking
In Fig. 1,
and
are transition probabilities of melody pitch and harmonic amplitudes, respectively.
From this sequential Bayesian model, the posterior probability
can be estimated and used to estimate
and
for melody extraction. To estimate
,
the likelihood and transition probabilities need to be defined.
A. Likelihood
To obtain
from (3), it is assumed that the
follow a zero-mean complex multivariate
DFT coefficients
Gaussian distribution, which is given by
(9)
where , , and
are the complex Gaussian distribution,
the covariance matrix of the th frame, and the variance of the
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Fig. 2. Spectrum of polyphonic audio (z ) with melody pitch f = 370 Hz
and the estimated variances (diagonal elements of Y ) of accompaniment.

th bin in the th frame, respectively. Equation (9) yields the
marginal likelihood as

(10)
where
is the Hermitian operator. To define
,
must be estimated. In this paper,
is estimated using the
decision-directed method [17] as follows:
(11)
where
and
are smoothing factor and the th bin DFT
decoefficient of , respectively. The smoothing factor
pends not only on the variation of but also on the presence of
melody. When either varies slowly or the estimation of
is rendered unreliable due to the presence of the pitch harmonic
is set to a large value such that
in (11)
in the th bin,
updates smoothly. For the converse case, small
is set. A deis given in Section II-C.
tailed explanation on the setting of
is unknown, (11) is modified as follows:
Since
(12)
,
, and is the th bin DFT coefficient of
where
, the th bin DFT coefficient of the estimate of the MPHM
in the
th frame,
, and an over-subtracting factor,
respectively. Fig. 2 shows an example of and an estimate of
.
the diagonal elements of
B. Transition Probability
In this paper, the state-space equation of
follows:

and

is set as
(13)
(14)

where
and
are the random perturbations corresponding to melody pitch and amplitude of the th harmonic
in the th frame.

This paper makes the following two assumptions in defining
the transition probabilities for melody pitch and harmonic amplitudes.
• Assumption 1: The pitch perturbation is assumed to follow
a certain non-Gaussian distribution based on the statistical
characteristics of music that account for small and large
variation in melody. Melody line is characterized by prolonged periods of smoothness in a certain note region, with
infrequent sharp changes in note transition or during vifollows a
brato regions. Therefore, assumption that
simple distribution such as Gaussian distribution is not appropriate.
• Assumption 2: The harmonic amplitude perturbation follows a zero-mean Gaussian for reasons of mathematical
, this assumption is incorrect;
tractability. Since
however, we have found that this assumption does not degrade the performance but simplifies the computation of
the posterior probability.
1) Transition of Melody Pitch Based on the Statistical Characteristics of Music: In obtaining the transition probability of
melody pitch, various statistical characteristics of music, such
as probability of music-key, note transition, and vibrato extent,
are utilized. The music-key determines the main tonality of the
entire music piece, i.e., there are common and uncommon notes
for a given key. For example, notes C, D, E, F, G, A, B are
common and others are uncommon when the music-key is C
major. Moreover, there are certain relationships called consonance and dissonance among the notes for a given key, i.e., for
a given key, certain note sequences tend to appear more frequently than others. These statistical characteristics of music are
used to determine the transition of melody pitch. In addition, the
following general musical rules concerning the melody line are
also used.
• Rule 1: Note transitions are typically limited to one octave
[1].
• Rule 2: The vibrato exhibits an extent of 60–200 cents for
singing voice and only 20–30 cents for other instruments
[18].
The statistics mentioned above are based on discrete units of
notes, and for it to be used in determining the transition proba, it must be conbility of melody pitch,
verted to a continuous unit such as Hertz (Hz). For this reason,
we discuss the relation among notes, cents, MIDI number, and
Hertz.
A note has a corresponding pitch frequency and MIDI
number. For example, the pitch frequency of note A4 is 440 Hz
and corresponding MIDI number of 69. The pitch-class is defined as the set of all pitches that are a whole number of octaves
apart [17], [21], e.g., the pitch-class C stands for all possible Cs
regardless of its octave position. The relationship between the
pitch-class and MIDI number can be mathematically expressed
as follows:

(15)
are the MIDI number and the pitch-class, rewhere and
spectively. The pitch-class values 0, 1, 2, , 11 correspond to
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Fig. 3. Example of pitch-class bigram. (a) Pitch-class bigram for C major. (b)
Pitch-class bigram for F major.

notes C, C#, D, , B. The cent is a logarithmic unit of measure
that is used for musical intervals such that 1200 cents represents
one octave or frequency doubling. A semitone represents an interval between any two adjacent piano keys and is equal to 100
cents. As a matter of convenience, cent is used as the scale to
represent melody pitch (logarithmic frequency) although it is a
in Hz can
unit for representing musical interval. Frequency
in cent by the following:
be converted into frequency
(16)
where
represents a function that converts Hz to cent.
In this paper, it is assumed that pitch transition follows
a certain non-Gaussian distribution based on the statistical
characteristics of music given as key-dependent pitch-class
bigrams. There are 24 music-keys: 12 major keys and 12
minor keys. To obtain the key-dependent pitch-class bigrams,
, the EsAC database [19] and the Finland folk
song database [20] are used. These two database have a total
of 13 887 MIDI files, each composed of a monophonic MIDI
sequence and music-key. Fig. 3 shows two pitch-class bigrams
C major and F major, respectively. Commonly,
for
the diagonal elements (unisons) of the pitch-class transition
matrix show high proportion of occurrences since there are
many repeated notes in general music. However, in obtaining
the pitch-class bigram, all unisons are excluded. The diagonal
elements appearing in Fig. 3 are due to octave displacement.
based
Consider the procedure for estimating
on the rules described above (Rule 1 and Rule 2) and the keyis
dependent pitch-class bigrams. Estimation of
.
performed in the cent scale with
1) Key estimation: The probability associated with each
, can be estimated using a conventional
key,
music-key estimation method such as that proposed in
[21]. An example of the key estimation is shown in
Fig. 4(a).

Fig. 4. Example of the procedure for obtaining transition probability
). In this example, f
= 447:7 Hz,
of melody pitch, p(f jf
!
= 6930 cent, M
= 69,
= 0:7, and
= 50. (a) Music-key
estimation using “train01.wav” data. 0  11 stands for major key, and 12  23
stands for minor key. (b) Key-dependent pitch-class bigram. (c) Note bigram,
P (n jn ). (d) Transition probability of melody pitch, p(f jf
).

2) Pitch-class

bigram:
The
pitch-class
bigram,
, is obtained by marginalizing over
the key such that

(17)
Based on the estimates of
, the pitch-class bigram is obtained as shown in Fig. 4(b).
, is obtained
3) Note bigram: The note bigram,
based on Rule 1: more weights are
from
placed on pitch candidates one octave below and above
. This is mathematically represented in (18) and (19)
where denotes the nearest integer of the argument:
(18)
and as shown by (19) at the bottom of the page.In Fig. 4(c),
an example of the note bigram is shown.

(19)
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4) Transition probability of melody pitch: A Gaussian mixin terms of
ture model is used to describe
as described as

and
are the LPC spectra of polyphonic audio in
where
th frames, respectively. When
is large,
the th and
is set to a small value while is set to a large value. The
converse is set when
is small.
, a noise estimation algorithm [23] is used.
To obtain
is defined as follows:
Here,
(23)

(20)
In this equation,
is a parameter to tradeoff between
“other-note” transitions and “self-note” transitions. In addenotes the standard deviation of the Gaussian
dition,
components. By determining whether the current pitch is in
transition or not, the value of is varied: large indicates
that the current frame is in transition with high probability
is adjusted by conand vice versa. Based on Rule 2,
indicates large vibrato
sidering the vibrato extent: large
extent and vice versa. Details are discussed in Section II-C.
The transition probability of melody pitch defined by (20)
can lead to robustness against dynamic variation in melody.
An example of the transition probability of melody pitch is
shown in Fig. 4(d).
2) Transition of Harmonic Amplitude: The perturbation of
the th harmonic in the th frame or equivalently the harmonicamplitude transition follows a zero-mean Gaussian distribution
such that
(21)
denotes Gaussian distribution and variance of
where and
the th harmonic, respectively. Strictly speaking, this assump; however, we have found that
tion is incorrect since
this assumption does not degrade the performance but is conducive in obtaining the posterior probability–harmonic amplitude can be estimated using the Kalman technique.
C. Parameters for Likelihood and Transition Probability
This section discusses one way of setting the parameters in
(12) and (20). The smoothing factor
in (12) depends not
only on the variation of the accompaniment but also on the presin (20) depends on whether
ence of melody. The parameter
the current frame is in note transition or not, and
is adjusted
by considering the vibrato extent.
In this paper, symmetrical Kullback–Leibler (SKL) distance
of linear predictive coefficient (LPC) spectra [22] is introduced
to predict both variation of the accompaniment and also note
transition. The paper assumes that a large variation in the accompaniment or pitch change will alter the overall spectrum,
and , requires the
and to determine appropriate values for
identifying the occurrence of spectral change. The SKL distance
measures the differences between two given spectral envelopes.
When the overall spectrum is varied because of a large variation
in either the accompaniment or pitch, the SKL distance is large.
The SKL distance between adjacent frames is defined as
(22)

where
(24)
if
if

(25)

and
(26)
is a constant to prevent
from being equal to 1
In (23),
when estimating
), and is a
(relying completely on
control parameter
which is inversely proportional
to
. From (23),
is proportional to
which is an
estimate of the probability of melody presence and is given by
. Also,
in (24) represents a hard
(24) with
decision on melody presence. This is described by (25) where
is a certain threshold. The melody-to-polyphonic audio ratio,
in (26), is used in (25). In (26), is the over-subtracting
factor used in (12).
is used
To determine , the averaged pitch difference
to predict the vibrato extent, and it is defined as
(27)
where
. When the vibrato extent is large,
is also
large, which produces large . The converse happens when the
vibrato extent is small.
To determine , , and , the sigmoid function is used.
•
.
.
•
.
•
is defined as
Here, the sigmoid function
(28)
. The characteristics of (28) are
where
shown in Fig. 5. The parameter values
,
, and
are determined experimentally. See Section IV-B.
D. Sequential Bayesian Model
The state-space equations governing the sequential Bayesian
model described in Fig. 1 is summarized as follows:
(29)
(30)
(31)
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Fig. 5. Characteristics of the sigmoid function f
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 < 0.
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is a Gaussian whose sufficient stawhere
tistics can be computed using the Kalman techniques; e.g.,
is a Gaussian whose mean and
the marginal
covariance can be computed using the Kalman filter. Thus,
is obtained using the SMC method to
and the Kalman filter to compute
approximate
. This technique is known as the Rao–Blackwellized particle filter (RBPF) [24].
can be
In the RBPF, the posterior density
approximated as

where
(35)

..
.

..

.

..
.

(32)

(33)
and
is the discrete-time Fourier transform of
. The
perturbations and accompaniment are assumed to satisfy the following:
((20) explained in Section II-B1);
•
,
;
•
,
.
•
In this paper, the posterior probability
which is proportional to the product of the likelihood and
transition probability is obtained from the sequential Bayesian
and
for melody
model, and it is used to estimate
extraction. If the state-space equations (29)–(31) are linear, and
likelihood and transition probabilities are Gaussian, then the
posterior probability can be obtained using the Kalman filter.
, and
However, the observation equation (31) is not linear in
the transition probability of melody pitch is not assumed to be
Gaussian, and thus, the exact posterior probability cannot be
obtained in a mathematically tractable manner. To overcome
this obstacle, the sequential Monte Carlo (SMC) method is
used in this paper. The SMC method is a very popular class of
numerical methods in obtaining the solution to the optimal estimation problem based on nonlinear non-Gaussian state-space
models [16].
III. MELODY EXTRACTION USING RAO–BLACKWELLIZED
PARTICLE FILTER
In the SMC method, the posterior probability is approximated
by the Monte Carlo integration using particles and their weights.
, we have a standard linear
In this case, conditioned upon
and
. The posterior probability can
Gaussian model for
be represented as
(34)

where
,
,
,
,
, and
are the th particle
of
, the mean of
, the covariance matrix
of
, particle weight, the number of particles,
and the Dirac delta function, respectively. The weights are nor. The weights are chosen using
malized such that
is drawn
the method of importance sampling. Assuming
, the weight in (35) is defrom importance density
fined as follows:

(36)

The importance density factorizes as follows:
(37)
then one can obtain particles
by
augmenting
each
of
the

existing
particles
with the new state
. Furthermore,

satisfies the following recursion:

(38)
Using (36), (37), and (38), the weight update equation can be
derived as follows:

(39)

The likelihood term in (39) is the marginal measurement likelihood of the Kalman filter and is given by

(40)
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where
and
are the predicted mean and covariance matrix, which are computed in the Kalman filter prediction stage,
respectively. The Kalman filter is performed as follows:
• Prediction

TABLE I
OUTLINE OF THE PROPOSED ALGORITHM

(41)
(42)
• Update
(43)
(44)
(45)
(46)
(47)
A common problem with the particle filter is the degeneracy
phenomenon, where after a few iterations, most particles have
negligible weight [16]. A suitable measure of degeneracy is the
, which is given by
effective particle size,
(48)

In this paper, to avoid degeneracy, resampling algorithm is used
.
when
Finally, the parameters are estimated as the posterior mean of
such that
(49)
and

In practice, melody pitch particles are drawn in discrete cent
scale. Here,
, for
and
where
and
are lower and upper bounds for melody
pitch search range, respectively. The three steps involved in generating
are summarized as follows.
1) Design the importance density
using
the multipitch estimates such that

(50)
The outline of the proposed algorithm is given in Table I.

if
otherwise
(51)

A. Design of Sequential Importance Density
The performance of the algorithm depends on the choice
. Setting
often leads to a large number of particles.
In this paper, a multipitch estimation algorithm is used to
define
assuming that the true melody
pitch is included. To obtain a set of multipitch candidates,
the algorithm proposed in [25] is used. The main idea in
defining
is that the current melody pitch
particles are sampled near the best or multipitch candidates
depending on the following situation: when the difference
between previous melody pitch estimate and the current best
pitch candidate is smaller than other multipitch candidates, then
the current melody pitch particles are generated near the best
pitch candidate; otherwise, the current melody pitch particles
are generated near the multipitch candidates.
of

where
(52)
and
(53)
,
, , and in (51) are the best pitch candiHere,
date, the multipitch candidates, the number of multipitch
in (51)
candidates, and a constant, respectively. Also,
is the nearest multipitch candidate of the previous melody
pitch estimate and is obtained by (53).
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TABLE III
SUMMARY OF THE TEST DATA CONSTRUCTED USING THE RWC DATABASE

2) Generate
through inverse transform sampling which
is a method for generating sample from any probability
distribution given its cumulative distribution function

(54)
3) Obtain

and

by the following:

TABLE IV
PARAMETER VALUES

(55)
where
(16).

represents the inverse of

defined in

IV. EVALUATION
A. Database and Evaluation Metrics
The proposed algorithm was evaluated and compared to
other melody extraction algorithms using three database—the
ISMIR 2004 Audio Description Contest (ADC2004) database
[26], the MIREX 2005 Audio Melody Extraction Competition
(MIREX2005) database for training [26], and the Real World
Computing Music (RWC) database [27]. All data are PCM
data with 44.1-kHz sample rate and 16-bit quantization. In the
ground truth data, melody pitch is given every 5.8 ms in the
ADC 2004 database, and 10 ms in the MIREX2005 training
and RWC database. The ADC2004 database contains 20 polyphonic audio of 10 25 s length, and Table II shows its data
composition. The MIREX2005 training database contains 13
polyphonic audio of 20 40 seconds length. Furthermore, 9
of 13 pieces are vocal songs (5 male voice, 4 female voice),
and other 4 clips are instrumental pieces generated by MIDI
synthesizer. We randomly select 20 audio clips of vocal songs
from the RWC database, and use them as test data. Detailed
information of the test data is shown in Table III.
The performance of the proposed algorithm was evaluated in
terms of raw pitch accuracy (RPA) and raw chroma accuracy
(RCA). The estimated melody is considered “correct” when the
absolute value of the difference between the ground-truth frequency and estimated frequency is less than 50 cent (1/4 tone).
The RPA is defined as the proportion of frames in which the
estimated melody pitch is within 1/4 tone of the reference
pitch. The RCA is defined in the same manner as the raw pitch

accuracy; however, both the estimated and reference frequencies are mapped into a single octave in order to forgive octave
transpositions.
B. Parameter Setting
For the proposed algorithm, several parameters were set as
listed in Table IV. We used the ADC2004 database to determine
the values experimentally such that the best performance in
terms of the average RPA in this database is achieved. This was
done manually. Before processing, audio pieces in three database were resampled to 16 kHz. The search range for melody
pitch was set between 80 Hz and 1280 Hz (
and
). The Hanning window was used with 48-ms
frame length and 10-ms frame hop size for spectral analysis.
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TABLE V
RESULT COMPARISON

TABLE VI
COMPARISON ON PERFORMANCE OF (ADC2004 DATABASE)

C. Evaluation Results
Table V shows the evaluation results for all database considered.
1) ADC2004 Database: The proposed algorithm was compared to other melody extraction algorithms such as the algorithms proposed by Poliner et al. [5], Ryynänen et al. [8], Durrieu et al. [11], Cao et al. [9], Dressler [28], Tachibana et al. [13],
Hsu et al. [29], Salamon et al. [30], and Joo et al. [31]. The algorithm of Joo et al. [31] is same as the algorithm described in [25].
Their performances are based on the results of the Music Information Retrieval Evaluation eXchange (MIREX) [32] Audio
Melody Extraction Contests. The number in the parentheses of
Table V is the year when the algorithms were submitted to the
MIREX. To date, the best performance was obtained using the
Dressler’s algorithm.
In terms of the RPA, the proposed algorithm performed comparably to other algorithms and outperformed all algorithms
submitted to the MIREX 2010 using the ADC2004 database. In
terms of the RCA, the proposed algorithm performed the best.
The difference between the RPA and RCA scores is proportional
to the octave mismatch error. This difference of the proposed algorithm is 4.1%: many octave mismatch errors occurred in this
database. The multipitch estimation algorithm proposed in [25]
is simple and vulnerable to octave error, i.e., inaccuracy in sequential importance density led to inaccurate melody pitch candidates in this database.
2) MIREX2005 Training Database: The proposed algorithm
was compared to other melody extraction algorithms such as the
algorithms proposed by Cao et al. [9], Ryynänen et al. [7], Durrieu et al. [10], and Tachibana et al. [12]. The number in the
parentheses of Table V is the year when their papers were published. The algorithm proposed by Ryynänen et al. can be obtained from the authors for comparison purposes. The algorithm
proposed by Durrieu et al. can be obtained from the author’s

Fig. 6. Analysis on transition probability of melody pitch (“jazz3.wav”).
(a) Reference melody and estimated melody with transition probability MT1.
(b) Reference melody and estimated melody with transition probability MT2.
(c) Reference melody and estimated melody with transition probability MT3.
(d) Reference melody and estimated melody with the proposed transition
probability.

homepage.1 The performance of Cao et al. [9] and Tachibana et
al. [12] is based on published results. The RCA is not specified
in Cao’s paper.
Based on the MIREX2005 training database, the proposed algorithm outperformed other algorithms in terms of the RPA and
RCA. The difference between the RPA and RCA scores of the
proposed algorithm was 1.2%: there were less octave mismatch
errors in this database than in the ADC2004 database.
3) RWC Database: The proposed algorithm was compared
to the algorithms proposed by Ryynänen et al. [7] and Durrieu
et al. [10].
Based on the test data constructed using the RWC database,
the proposed algorithm outperformed other algorithms in terms
of the RPA and RCA. The difference between the RPA and RCA
scores of the proposed algorithm was 1.5%.
D. Performance Analysis and Discussion
1) Analysis on Parameters for Likelihood: The way the marto be estiginal likelihood is defined in (10) necessitates
in (12) conmated, and this requires appropriate setting of
sidering both the variation of the accompaniment and the presence of melody (Section II-C). To investigate whether the setting
described in Section II-C is reasonable, we compare our
of
.
setting to various fixed values of
1[Online].

Available: http://www.durrieu.ch/phd/software.html/
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Fig. 7. Results comparison using “train08.wav”. (a) Proposed algorithm. (b) Algorithm proposed by Ryynänen et al. [7]. (c) Algorithm proposed by Durrieu et
al. [10].

Fig. 8. Results comparison using “train11.wav”. (a) Proposed algorithm. (b) Algorithm proposed by Ryynänen et al. [7]. (c) Algorithm proposed by Durrieu et
al. [10].

Table VI shows the evaluation results of the proposed setting
and several values of . As show in Table VI, proposed
setting outperformed other fixed values of . We have observed
that which leads to the highest RPA score is different for each
clip. Large is vulnerable to fast-changing music since
updates slowly. We also observed that the RPA score is 78.5%
when leading to the highest performance is chosen for each
clip.
2) Analysis on Transition Probability of Melody Pitch: In
this paper, the transition probability of melody pitch is assumed
to follow a certain non-Gaussian distribution based on the statistical characteristics of music that account for small and large
variation in melody. To investigate the validity of the proposed
transition probability, the performance of the proposed transition probability is compared to those of other transition probabilities in this section. For comparison, three transition probabilities are considered.
1) MT1 Gaussian distribution with fixed variance:
(56)
2) MT2 Uniform distribution:
(57)
3) MT3 Linear combination of Gaussian and uniform distribution:

(58)

where
(59)
.
Here,
in (56),
,
in (57) and (58). The setting of and
in (58) is described in
Section II-C.
The above transition probabilities are considered for the following reasons. Transition probability MT1 implies that the distance between the current melody pitch and previous melody
pitch is Gaussian distributed. Transition probability MT2 imgiven
, i.e., the posterior probplies no preference to
ability of pitch is same as the likelihood. Transition probability
MT3 implies: 1) when the current frame is in the “self-note,” the
distance between the current melody pitch and previous melody
pitch is Gaussian distributed, and 2) when the current frame is in
the “other-note” transient region, there is no preference to
given
. The difference between the proposed transition
probability and MT3 is that MT3 does not use any music-key
information.
Examples of melody pitch estimates using the proposed transition probability and other transition probabilities MT1–MT3
are shown in Fig. 6. There appears to be substantial amount of
error involved with MT1 and MT2. In the case of MT1, inaccurate pitch estimates in the beginning of the melody line lead to
extended errors that appear for a long time as shown in Fig. 6(a).
In the case of MT2, inaccurate pitch estimates occur randomly
as shown in Fig. 6(b). These errors are considerably reduced
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TABLE VII
COMPARISON BETWEEN THE TRANSITION PROBABILITIES
OF MELODY PITCH (ADC2004 DATABASE)

using MT3 and the proposed transition probability as shown
in Fig. 6(c) and as shown in Fig. 6(d). The proposed transition probability tends to give a more stable estimate of melody
pitch in long self-note regions and more accurate estimate in
note transition regions than MT3.
Table VII shows the evaluation results of the proposed transition probability and aforementioned transition probabilities
(MT1–MT3). The proposed transition probability based on the
statistical characteristics of music outperformed other transition
probabilities.
3) Comparison Between the Proposed Algorithm and Others:
Examples of melody pitch estimates are shown in Fig. 7 and
Fig. 8. Melody transcription algorithms such as the algorithms
proposed by Ryynänen et al. [7] and by Poliner et al. [5], [6]
do not perform well in terms of the RPA in the presence of a
singing voice as shown in Fig. 7(b). However, in the absence
of a singing voice, these algorithms perform well as shown in
Fig. 8(b). Melody extraction algorithms, such as the proposed
algorithm and the algorithm proposed by Durrieu et al. [10], perform well all around in terms of the RPA as shown in Figs. 7 and
8. However, the performance of these algorithms varies slightly
from database to database as shown in Table V.
Accurate melody pitch estimation of previous frames can
draw out an accurate estimation of
such that it leads to
robustness to accompaniment interferences and octave error.
Furthermore, the proposed transition probability of melody
pitch leads to robustness to octave error since it takes into
account of the Rule 1 in Section II-B1. However, it seems that
for some poorly transcribed clips, particles generated from inaccurate importance density as well as inaccurate melody pitch
estimates of previous frame lead to error propagation. Thus,
designing an appropriate importance density is also important
for obtaining high performance.
V. CONCLUSION
A melody tracking algorithm based on the state-space equation of the melody parameters is proposed in this paper. The
melody pitch and harmonic amplitudes are assumed to follow
two uncoupled first-order Markov processes, and the algorithm
assumes that the current framed segment of the polyphonic
audio is conditionally independent of other framed segments of
the polyphonic audio conditioned on the melody parameters.
In the Markov process, the transition probability of the melody
pitch is defined based on the statistical characteristics of music
that account for small and large variation in melody, and the
transition probability of a harmonic amplitude is assumed to be
Gaussian for reasons of mathematical tractability. To estimate
and track the melody parameters, the Rao–Blackwellized particle filter is used, and a sequential importance density, which

is important in the particle filter method, is designed by multipitch estimates. Experimental results show that performance
of the proposed algorithm is better than or comparable to other
famous melody extraction algorithms in terms of the RPA and
RCA.
The proposed algorithm contains the data dependent parameter described in Section II-C. This may be considered undermining the Bayesian framework: the parameters can certainly
be incorporated into the Bayesian framework and be inferred in
the full Bayesian sense. However, the complicated graph that includes all parameters as random variables and additional edges
between nodes may not lead to an elegant inference algorithm
even with approximation and simplification. It certainly needs to
be investigated further, but we feel that the computation required
for inference is too expensive compared to the performance improvement it may achieve.
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