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ABSTRACT

MUSICAL INSTRUMENT SOURCE SEPARATION IN
UNISON AND MONAURAL MIXTURES

Melik Berkan Ercan
M.S. in Computer Engineering
Supervisor: Prof. Dr. H. Altay Giivenir
August, 2014

Musical Instrument Source Separation aims to separate the individual instru-
ments from a mixture. We work on mixtures where there are two instruments,
playing the same constant pitch at the same time. When musical instruments play
the same note, they overlap with each other and act as a single source. We use
statistical source separation algorithms which perform separation by maximizing
the statistical independence between the sources. A mixture can be recorded with
more than one microphone; this enables us to extract spatial information of the
instruments by comparing the recordings. However we work with the monaural
case where there is one microphone. Some musical instruments have amplitude
modulation and this modulation can be seen in the mixtures. We also aim to
detect amplitude modulations to support the source separation success. We use
NTF (Non-negative tensor factorization) to perform the separation. NTF sepa-
rates the mixture into many components. These components should be clustered
in order to synthesize the individual sources. We use k-means as well as man-
ual clustering by comparing the SDR (Signal to Distortion Ratio) values of the
components with the original sources.

Keywords: Source Separation, Statistical Source Separation, Monaural, Unison
mixture, NMF, NTF.
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OZET

UNISON VE MONAURAL MUZIK ENSTRUMANTI
KARISIMLARINDA KAYNAK AYIRMA

Melik Berkan Ercan
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Yoneticisi: Prof. Dr. H. Altay Giivenir
Agustos, 2014

Miizik Enstriimanlarinda kaynak ayirma iglemi, bir ses karigimi igindeki ses-
leri ayirmayi hedefler. Bu calismada, ayni anda, aym sabit notay1 calan, iki
enstriimandan olusan karigimlar tizerinde caligilmigtir. Miizik Enstriimanlar:
ayni notayr caldiginda olusan sesler, birbirleri icinde karigip tek bir sesmis
gibi algilanirlar.  Bu caligmada, bu sesleri ayirmak icin istatistiksel kaynak
ayirma algoritmalar: kullanilmigtir. Bu algoritmalar sesler arasindaki istatistik-
sel bagimliligi maksimum yapmaya ¢aligarak ses ayirma iglemini gergeklestirirler.
Bir karigim birden ¢ok mikrofon kullanilarak kayit edilebilir; bu durum kayitlar:
birbiriyle karsilagtirarak enstriimanlarla ilgili konum bilgisinin ¢ikarilmasin
saglar. Burada tek mikrofon ile alinmig kayitlar kullanilmigtir. Bazi miizik en-
striimanlarinda genlik modiilasyonu vardir ve bu modiilasyon bir karigim iginde
de gozlemlenebilir. Bu caligmada, genlik modiilasyonu tespit edilerek kaynak
ayirma kalitesi arttirlmaya gahigilmigtir. Kaynak ayirma iglemi i¢in NTF (Non-
negative Tensor Factorization) algoritmasi kullanilmigtir. NTF, karigimi birden
cok bilegene ayirir. Kaynak sesleri tekrar elde etmek i¢in bu bilesenlerin uygun bir
sekilde birlestirilmesi gerekir. Bu birlestirme iglemi i¢in ise A~~-means demetleme al-
gorithmasi ve bunun yaninda el ile birlegtirme yapilmigtir. El ile birlegtirme iglemi
i¢in bilegenlerin SDR, (Signal to Distortion Ratio) degerleri orjinal kaynaklar ile

kargilagtirilmigtir.

Anahtar sézcikler: Kaynak Ayirma, Istatistiksel Kaynak Ayirma, Unison
Karisim, Monaural, NMF, NTF.
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Chapter 1

Introduction

Almost all of the sounds we hear in our daily life are combination of many in-
dividual sounds. Examples could be a conversation, a song, singing birds or a
car traffic. Those sound sources are formed by a combination of simpler tones
and more than one sound may exist in the same medium at the same time. In
such an environment, a listener would likely to be interested in a single source
among the existing sounds. Thus, the listener faces the task to separate or ex-
tract the source of interest among the mixture. The cognitive ability of human
auditory system enables us to follow a speaker in a noisy environment. This
ability makes use of similar techniques with source separation algorithms. Thus
source separation is a concept that we are not completely unfamiliar with. A
formal definition of a source separation task would be to identify and separate
the different sound sources in a sound mixture. Even though this task is natural
and easy for humans, it is challenging to develop an algorithm that performs the

same task, automatically.

When two sound sources travel through the same medium, the mixture is the
superposition of the sinusoidal components [1]. The similarity of the sources
affects how the sources are superposed. When two signals are similar, they will
share some of their frequency components. The more similar two sound sources
are, the more frequency components they will share. So the original information of

the individual sources will not be preserved in the mixture as they are superposed.
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As a result, working with the mixture of similar sound files are difficult. It is
important to come up with a similarity definition. In this thesis, the similarity of
two signals is evaluated by the correlation of their frequency spectrum. In other
words, the comparison of the common frequency components of two signals is a

measurement method of similarity.

Working with musical instrument mixtures are similar to working with daily
sound sources. However, when a group of instruments play together, they play
in harmony; in order to create a common sound that would please the audience.
This means they will be playing the same note or harmonic notes at the same
time, which further means the individual instruments will share their frequencies.
This source separation task is harder, since the instruments will be mixed with
each other. Conversely in a speech file, even though two speakers are speaking
at the same time, it would be unlikely for them to generate the same pitches. In
a typical case with two speakers, only one speaker will speak at a time. Thus

source separation in speech files is relatively simpler.

When two instruments play the same tone, or the same note on a different oc-
tave, it is called a unison sound [2]. In this thesis, we work on the unison source
separation problem where two musical instruments are playing at the same pitch.
Since the sources have the same pitch, the spectral similarity of the sources is
expected to be high; almost all the frequency components exist in both sources.
In addition to that, we work with single channel recordings. These recordings are
captured by using a single microphone and called monaural. The recordings that
captured with more than one microphone are called multi-channel recordings. A
multiple channel recording captures the mixture sound from different locations.
This means by using multi-channel recording, we can capture the spatial infor-
mation of the sources. There are some source separation algorithms such as ICA
[3], which uses this spatial location information to separate sources. In summary,

we say that we work with monaural unison mixtures.

A source separation system can have many different application areas. As men-
tioned earlier, source separation algorithms can be applied to both music and

speech signals. In music, extraction or separation of the instruments can be used



for instrumental training; musicians can play along with the mixture with one or
more of the instruments removed. Musicians would also be interested in listening
to an instrument individually. Source separation can also be used for recovering
an old record from noise artifacts. Most of the old vinyl recordings have noise
artifacts or distorted areas. Reconstruction of those areas is an important ap-
plication scenario. Speech audio has a wider range of application topics; but in
general, the main aim of source separation is to attenuate all the sources other
than the desired source. Perhaps the most famous source separation problem is
known as the Cocktail Party Problem [4]. This task is to capture a speaker’s
voice in a noisy environment where there exists many sound sources, generating

sound at the same time.

Any prior information about the source separation problem scenario is useful
since it can help to define the problem scenario better and might give hints about
the sources. Those hints can be given within the problem domain or can be
retrieved through pre-processing of the input data [5]. For the musical instrument
separation case, this information includes, number of instruments, instrument
types, playing style, sheet music, mixing methodology, recording environment,
etc. For the speech separation case, this information can be, number of speakers,
gender of the speakers, recording environment, etc. However in some source
separation tasks, no prior information is available. In this case the separation
task is called blind or unsupervised source separation. Any source separation
task with any prior information is called supervised source separation. Note that

our system performs blind source separation.

The mixture method of signals is also another important aspect. The easiest case
is when the sources are mixed linearly. Let s; and sy be two sources. Then the

linear mixture of s; and s, can be represented by = in Eq. 1.1.
T = 81+ S9 (11)

In the recording or mixing stage of a sound, reverberation and delaying effects or
noise artifacts might get involved. A microphone would capture noise from the
environment as well as the reverberation of the sources, which depends on the

room acoustics. Also a professional music mixture is mixed with many effects, like
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distortion, modulation, reverberation, delay, etc. These effects create mixtures
that are hard to work on. Therefore, we work with linear mixed signals and we do
not work with songs. We have generated various individual musical instrument

files and we mix them linearly as shown in Eq. 1.1.

Second chapter gives background information about the source separation task
and introduces some of the popular blind source separation algorithms. The
third chapter introduces the related work. The Fourth Chapter proposes the
NTF based algorithm that is specifically designed for monaural and unison mix-
tures. We also introduce the test set, various implementations of our NTF based
algorithm and the test scenarios that we have tried our algorithm on. The final
chapter is conclusion where all the work is summarized. Conclusion chapter also

covers the potential future work.



Chapter 2

Background

In this chapter, we provide background information about the thesis topics in
order to give a basic understanding of the source separation algorithms and pro-
cedures that we employ. Some background information on signals and systems
and Digital Signal Processing should be given. The concepts that we have used
in the thesis will be explained. This chapter should be enough to understand the
main work that we have done. The basic properties of sine waves and how to com-
bine them will be given in order to understand musical instruments. Amplitude
and frequency modulation concepts will also be introduced. They are widely used
for communication purposes. In addition, we have the background information of
signal processing by explaining various fourier transformation implementations,

zero padding, windowing, filters, filterbanks, sampling frequency, etc.

A sound signal is a pattern of variation which is used to carry or represent in-
formation [6]. A sound signal can be a pure tone or a complex tone, which can
be thought as the mixture of pure tones. A pure tone is a sound signal which is
formed by a single sine wave. The mathematical explanation of a sine wave is as

follows;
z(t) = A - sin(wot + @) (2.1)

where wy = 27 f and A, f, wy, ¢ are amplitude, frequency, radiant frequency and

phase shift respectively. In this thesis, we work both with sinusoidal signals and
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Figure 2.1: Different domain representations

complex signals. From the mathematical expression of a sine wave, we see that
a sine wave takes values between —A and A with respect to time and frequency.
Figure 2.1a is the visualization of a sine wave with A = 0.25, f = 440 Hz and
zero phase. It can be represented with the following formula; z;(¢) = 0.25 -
sin(2w440t + 0). This representation of the sinusoidal signal is in time domain
and in this domain, we have the information of the amplitude of the sine wave with
respect to time. Time domain information alone is often not enough to process or
learn about the signal. We can also switch to the frequency domain by applying
Fourier transformation. This transformation is performed by an algorithm called
Discrete Frequency Transformation (DFT). We will not go through the details of
DFT, since there is a practical implementation of it, which is called Fast Fourier
Transformation (FFT). For more information, please refer to this resource [6,

p.402]. The frequency domain representation of a signal shows which frequencies
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are included in the signal. Figure 2.1b shows the frequency representation of
x1(t). Since x1(t) consists of a single sine wave with frequency 440 Hz, there is a

single peak in the figure 2.1b.

Let x9(t) denote another sine wave with the following properties. A = 0.25,
f = 440 x 3 = 1320 Hz and zero phase. It can also be represented with the
following formula. z5(t) = 0.25 - sin(271320t 4+ 0). Figure 2.2 shows the linear
addition of z1(¢) and x(t). The superposed sine waves are shown in time and

frequency domain in Figure 2.2a and 2.2b respectively.



2.1 Amplitude and Frequency Modulation

Some musical instruments have amplitude modulation or frequency modulation.
Our aim is to be able to detect that modulation and use it to separate instru-
ments with modulation. Therefore we first need to know how amplitude modu-
lation looks like in time and frequency domain. Amplitude modulation is used
in communication to carry information through a signal which has relatively low
frequency, when compared to the carrier. This increases the message range. To
learn more about the amplitude and frequency modulation for communication
purposes, the reader is referred to the book by Godse and Bakshi (2009) [7].

Other than communication purposes, some of the musical instruments also have
amplitude and frequency modulation. It exists because of the physical nature
of the instrument or it might be because of the playing style of the instrument.
For example, a piano does not have amplitude or frequency modulation whereas
a violin have amplitude and frequency modulation both from the playing style
and the physical nature of the instrument. Detection of amplitude and frequency
modulation in an instrument signal is not a hard, but rather a complicated task
[8]. Even though we worked on the detection of modulation effects in musical

instruments, we will not go into details since it is not in the context of the thesis.

The simple theory and the mathematical representation of amplitude modulation
is as follows; a sine wave at certain frequency fy can be modulated by another
sinusoid with frequency f; when they pass through the same medium and if
fo >> fi. The sine wave with the frequency f; is called the carrier and denoted
by ¢(t). The other sine wave with the frequency fj is called the modulator and
denoted by m(t). We denote their superposition with y(t).

c(t) = A- cos(wet + @) (2.2)
m(t) = M - cos(wmt + dm) (2.3)
y(t) = c(t).m(t) (2.4)
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Figure 2.3: Amplitude modulation visualization

Thus, for the amplitude modulation case, the modulator sine wave is carried by
the carrier sine wave. Figure 2.3a, 2.3b and 2.3c shows c¢(t), m(t) and y(t) =
c(t).m(t) respectively.

Frequency modulation is another modulation effect that both used for communi-
cation purposes and can be found in musical instruments. A frequency modula-

tion can be explained with the following formula;

m(t) = M - cos(wmt + dm) (2.5)

c(t) = A cos(2n[f. + kpm(t)]t + ¢.) (2.6)

where k; is called the frequency sensitivity. Figure 2.4 shows an frequency mod-

ulation. In chapter 4, we will explain how we use the modulation domain infor-

mation to aid source separation.
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Figure 2.4: Frequency modulation visualization

2.2 Musical Instruments

Any device that can be used to produce musical tones is called a musical instru-
ment. Musical instrument signals are formed by a fundamental frequency and
many overtones. Thus, a complex musical instrument can be expressed math-
ematically by the mixed sinusoidal model. This mixed model defines a musical
instrument signal as the summation of many overtones and harmonics. In the
context of this thesis we work in three different representation domains; these
are time, frequency and modulation domains. We switch to frequency domain by
taking an FFT. In order to switch from frequency domain to modulation domain,
we again take FFT. Figure 2.5a shows a cello recording, playing an A (letter
notation) note for 3 seconds. Figure 2.5b and 2.5¢ are the same recording in

frequency and modulation domain respectively.
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Figure 2.5: A cello signal in three different domain representations

Having a detailed look into musical instruments would help us to understand the
intuition behind the algorithms. The characteristics of an instrument is called
timbre. When two different instruments play the same note, we can still dis-
tinguish them. One can explain it in words but there is no clear mathematical
definition of timbre. There are some features that we can extract from a musical
instrument recording and these features can be used in model based source sep-
aration algorithms. These are; Spectral Envelope, Spectral Centroid, Intensity,
Amplitude Envelope, Amplitude Modulation, Onset Asynchrony, Inharmonicty,
ete. [9], [10] and [11].
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Figure 2.6: Spectrograms of four different signals

2.3 Terminology

This section explains some basic terminology and methodologies, which are used

at the implementation stage. These methodologies are the basic building blocks

our system.

Zero Padding: Zero Padding is a method to increase the frequency resolution
of the spectrum analysis. As the name indicates, we add zeros to the beginning
and end of the audio sample to increase the number of samples. Zero padding
is especially helpful when the number of audio samples is less than the desired

frequency resolution value. Another usage is to smoothen the beginning and the

ends of an audio signal.

Windowing: Windowing is a process to separate the frequency spectrum into

12



sub-frequency bins. In order to do this we use window functions. A window is
a mathematical function which has zero value for outside of a certain range and
varying values for inside the range. In this thesis we prefer bell-shaped functions

like hamming or hanning windows.

Bandpass Filters: Bandpass Filters are systems that allow certain frequency
range go through and filter the frequencies that are excluded in that range. In

this thesis we use Butterworth filters.

Lowpass Filters: In a similar fashion, a lowpass filter allows low frequency
signals to go through. Lowpass filter allows the range from 0 Hz to the defined

frequency limit.

Highpass Filters: Highpass Filters allow the high frequencies to pass but at-

tenuates the lower frequency signals.

Fast Fourier Transformation (FFT): FFT is an efficient way of calculating
the Discrete Fourier Transformation (DFT) of an input signal. We use this trans-
formation in order to switch from time domain to frequency domain. Frequency
domain representation of a signal reveals the periodicity that the is signal made
of. For example we can see all the frequencies that are involved inside that signal

[6, p.402].

Spectrograms and Short Time Fourier Transformation (STFT): Spec-
trograms are the frequency-time domain visualization of an input signal. We do
this by applying STFT. A spectrogram of a sound signal is obtained by taking.
FFTs of the overlapped, short window frames of the signal. Spectrograms are
especially useful to visualize complex signals such as musical instrument signals
since all the harmonics and overtones can be observed. Figure 2.6 shows the spec-
trograms of four different sine wave mixtures. The spectrogram plots have three
dimensions. The x, y and z axis shown in this figure are frequency, amplitude and
time respectively. We can see the frequency components, their amplitudes and
their change over time. Figure 2.6a shows a single sine wave. There is a single
frequency with constant amplitude over time. In Figure 2.6b, the signal is the lin-

ear summation of two sine waves. In Figure 2.6¢c, we represent a single sine wave

13



with modulation frequency. The amplitude is fluctuating over time. Finally, the
signal in Figure 2.6d has five peaks since that signal is formed by linearly adding
five sine wave. As you notice we can gather many information about the signal
from spectrograms. Another advantage of spectrogram is it’s data representation.
We represent a spectrogram in a 2D matrix where each row is a frequency range,
namely filter bins. Most of the signal processing tasks require us to work on
frequency bins separately. Therefore we can use the spectrogram representation

to divide the signal into frequency bins, process specific bins [6, p.408].

Filterbanks: Filterbanks are formed of band-pass filters that are used to sepa-
rate the input into many frequency bins. We use filterbanks due to their represen-
tation capabilities. The spectrogram representation we explained earlier is also
in this category. When the parameters are correctly chosen, the filterbank repre-
sentation can put all the frequencies into separate frequency bins. A gammatone
filterbank is designed to separate a signal into frequency bins according to the
human auditory system. The cochlea in the human auditory system separates the
frequencies non-linearly. Thus gammatone filterbank mimics the functionality of
cochlea. This is very useful for the applications that are related with human
hearing, sound perception, etc. DFT filterbank is identical with the spectrogram

representation. It is to separate the frequency bins with same interval range.
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Chapter 3

Related Work

This chapter covers existing source separation algorithms that are proposed for
the Blind Source Separation problem. These algorithms help us to understand
the fundamental approaches as well as the nature of the musical instrument sound
sources. Furthermore, the intuition behind existing algorithms reveals a better
understanding about the problem domain. It might also help us to propose new
problem solving methodologies in the future, by observing the strong and the
weak points of the existing algorithms. The algorithms that we are going to in-
troduce can be divided into two main categories; the first category is unsupervised
source separation algorithms. The algorithms in this category follow information-
theoretical principals such as statistical independence [12]. The second category
contains supervised algorithms. These algorithms use prior information about
the system to learn a model. These algorithms use the classical machine learn-
ing approaches to learn a model [13]. There are also algorithms which model
the human auditory system to mimic the human segregation capabilities. As ex-
plained earlier, human auditory system processes the sounds in a way that the

same techniques can be used to perform source separation.

The unsupervised learning methods that we are going to explain use the linear
signal model. The linear signal model assumes that, when two sound sources
are present in the same environment, the waveform of the mixture is the linear

summation of the sources [14].
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3.1 Independent Component Analysis (ICA)

ICA is one of the successful algorithms that can be used in blind source separa-
tion task. The strategy behind ICA is to decompose the mixture into components
that are as statistically independent as possible. In mathematics, statistical in-
dependence of two variables is defined as follows; random variables x and y are
said to be independent if their joint probability distribution function p(z,y) is a
product of the marginal distribution functions, p(z,y) = p(z)p(y) [15]. Statistical

dependence can also be defined as the mutual information between two source.

To have a better understanding, consider a room with two people inside, s; and
s9, speaking simultaneously. We assume that we have two microphones inside
the room, at different locations, producing time domain signals xz; and x,. As
expected, both microphones will capture both sources. In addition, they capture
information about the location of the sources. For example; the microphone
that is closer to the source s; would capture a mixture in which s; has higher
magnitude (Assuming s; and s, have same loudness level). If we assume we have
positioned the microphones and the sources as shown in Figure 3.1, both sources
exist in both captures and both microphones would get a different mixture of the
sources. ICA aims to separate the sources by using the spatial information that

is captured by using more than one microphone.

As we are using the linear signal model, these recordings can be expressed by
the weighted sum of the sources. The recordings of the microphones above are

denoted as x; and x, respectively. Then we can denote x; and x5 as follows;

1 = A1181 + 1252 (31)

To = 2151 + G225 (3.2)

where a11, a12, as; and age are mixing parameters that depend on the location of
the microphones in the room. The blind source separation task requires us to

estimate s; and s, by using x; and x5 only.

We can also write these equations for the general case, where the number of

instruments is denoted by J. For clarity, we can represent the variables together
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Figure 3.1: Cocktail party problem!

as vectors. Let s = [s1, ..., s;] be the set of J sources and the observation vector
(microphones) be x = [z1, ..., zx], where K is the number of microphones, can be

represented as;
r=As (3.3)

where A = {a11,a19,...,axs} is a K X J mixing matrix. So the problem is to
estimate the s vector by using the x vector. Let’s go back to the example in
Figure 3.1 with two microphones. If we know the matrix A, we can solve the
linear equations 3.1 and 3.2 to find the sources. However in BSS case, A is
unknown. So a BSS algorithm should aim to estimate both the matrix A and

the sources s.

ICA algorithm assumes that the microphone recordings do not have gaussian
distribution. This assumption comes from the central limit theorem; when two
random variables are added, the distribution of the sum is expected to be more

gaussian than the random variables that are added. Therefore ICA algorithm

"Microphone Image: http://www.shure.com/americas/products/microphones/classic/55sh-
series-ii-iconic-unidyne-vocal-microphone
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estimates the sources w.r.t non-gaussianity. ICA also assumes the sources are
statistically independent as much as possible. Furthermore the number of micro-

phones should be more than or equal to the number of sources [3].

If the number of observations (microphones) are less than the sources, then we
can decrease the number of sources by using algorithms like Principal Compo-
nent Analysis (PCA) [16] or Linear Discriminant Analysis (LDA) [17]. They

decorrelate the variables and choose the principal components as sources.

The main aim of the ICA algorithm is to estimate an unmixing matrix, W = B~
Once the unmixing matrix is estimated, the sources can be reconstructed by
multiplying the unmixing matrix with the mixture. The reconstruction can be

expressed as follows;
G =Wz (3.4)

where G is K x L matrix and K and L are the number of sources and the number

of samples, respectively.

3.2 Independent Subspace Analysis (ISA)

Independent Subspace Analysis (ISA) is similar to ICA. As explained above,
for ICA algorithm to work, the number of observations should be more than or
equal to number of sources. ISA covers the case where the signal is monaural,
or in other words, a single-channel recording [18]. Let’s assume we have a single
channel mixture of two signals. This mixture can be expressed by Eq 3.1. Since
we have two unknowns s; and s, and their mixture x;, we would not be able to
solve the equation; even if we knew the mixing weights a1; and a15. ISA algorithm
works on this single-channel case. The ISA algorithm applies Short Time Fourier
Transformation (STFT) to the signal in order to divide the signal into frequency
bins (See previous chapter for details). After that, each of those frequency bins
are treated as an observation of that signal. Once we have more observations

than sources, we can use ICA algorithm for source separation.
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3.3 Non-Negative Matrix Factorization (NMF)

NMF is a factorization method which is proposed to solve the following problem;

Given a matrix X, decompose it into non-negative matrices B and G such that
X~B- -G (3.5)

X is a n X m matrix where n is the number of examples and m is the number
of samples. The matrix X can be obtained by applying STFT and getting the
magnitude of the input signal. In our case, the rows of matrix X represent the
frequency bins and columns are the time frames. B is an n X r matrix and G is
a r x m matrix. Usually r is smaller than m and n and [19] gives an equation
about the relation between these three variables and that is; (n + m)r < nm.
This decomposition can also be seen as a compressed version of the original data
since r is smaller than n and m. Matrices B and G are named as basis and
gain respectively. It is due to the fact that the matrix B is used as a basis to
approximate each column in X. A linear combination of B and ¢, where ¢ is a
column in G and an r x 1 vector, would approximate the corresponding vector

in X. Thus we can define each column of X as follows;
rx~B-g (3.6)

This equation holds because of the non-negativity constraint of the NMF algo-
rithm [20] [21]. As explained above, X is calculated by taking the magnitude of
the spectrogram of the input signal. Since we take the magnitude of the signal,
X is non-negative. By definition, magnitude measures how far a quantity from
zero [22]. Thus negative magnitudes do not have any physical meaning. B and
G matrices are required to be non-negative so that the linear combination of the

basis matrix and gain vector would have a physical meaning.

NMF is an iterative algorithm. The matrices B and G are updated at each
iteration so that their multiplication gets closer to X matrix in Eq. 3.5. The
initialization of the matrices is random [23]. Since the matrices would eventually
converge to an optimal factorization, the initialization made random in some of

the implementations. However if we have a prior information about the possible
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decomposition (e.g. sparseness of the data), the matrices can be also initialized

in favor the prior knowledge.

The quality of the approximation, to be evaluated in each iteration, is calculated
by costs functions. Since the algorithm’s aim is to make B - G and X similar,
distance measurements are used to evaluate similarity. One of those measures is
the square of the Euclidean distance.

X =B-G[|* =Y (Xpm — B Gpp)’ (3.7)

nm

Another one is called Kullback-Leibler divergence and it is calculated by the
following formula;

Xnm

Both of these cost functions are introduced by [20]. At each iteration, after
calculating the similarity, we update the matrices B and G. The update rules

for Euclidean distance are;

(X : GT)nr
B,, < B, B-G-GT), (3.9)
(BT - X)pm
(;Tnlé__(;””(IBT’-IB- G (3.10)
and the update rules for Kullback-Leibler divergence are;
B, + Bm«Zm > G{( ) (3.11)
G Grmz" /( ) (3.12)

>0 Bar

The Euclidean distance and Kullback-Leibler divergence are said to be nonin-
creasing under the updates above [24]. For detailed information and proofs of
convergence to a local optimum of the cost functions, please refer to [25]. As
the last step, we choose the components in the B and G matrices to form the

separate sources [26].
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3.4 Non-Negative Tensor Factorization (NTF)

Non-negative Tensor Factorization is very similar to NMF. NTF introduces an-
other dimension for the data representation [27]. While NMF decomposes a
magnitude or power spectrum basis over time varying gain, NTF uses modula-
tion domain as the third dimension and includes frequency varying activation.
Since our aim is to use the modulation domain information of the instruments,
we adopt N'TF to separate over the modulation domain. The NTF algorithm gets
a tensor as input. A tensor is a three dimensional array where the dimensions
represent frequency, time and modulation. Let the tensor be represented as X.

Then the purpose of NTF is to decompose X into G, A and S matrices.

K

Xenm & Xppm = > Gk Avk - S (3.13)

k=1

where G, A and S are gain, frequency basis and activation, respectively. The
initialization of the matrices is often random, as it is in NMF. In some cases, it is
better to initialize the matrices with respect to a prior knowledge. NTF is also an
iterative algorithm. At each iteration, the matrices G, A and S are updated at
each iteration depending on how close the approximation in Eq. 3.13 has become.
The update rules are determined according to the cost function. Kullnack-Leibler
divergence and Euclidean distance can be used in NTF. The equations can be
easily derived from 3.7 and 3.8. However we give the equation for KL divergence

since we use it in the implementation.

DX X)= 3" log Krmm _ Xynm + Ko (3.14)

r,n,m r,n,m
The update rules for the KL divergence cost functions is as follows;

Crn m’ An : Sm
G ¢ Gr,kznvmz v Ani S (3.15)
n,m in,k * Omk

Zr,m Cr,n,m ' Gr,k ' Sm,k
an Gr,k : Sm,k

Zr n Cr n,m Gr k- An k
S.. S.. : — 3.17
% < Sk .G Ak (3.17)




G, A and S matrices contain many useful information. Matrix G is called basis
and contains the frequency spectrum information. Matrix A contains modulation
domain information and matrix S is called activation; it shows in which time
those frequencies are active. Notice all three have k columns. The value of k is
a user defined parameter and it is called the number of components. If we look
from the source separation point of view, we expect the sources to be separated.
When we have two sources in the mixture, if we define kK = 2, it means G, A
and S matrices have 2 columns and we expect from the algorithm to put all the
frequency, modulation and activation information of a source into one column of
G, A and S respectively and the other column should have all the information
for the other source. For the cases where k is bigger than the number of sources,
each component is expected to have one particular information that belongs to one
source only. That information is most likely a portion of the frequency spectrum
of the source over a time frame. So when k is bigger than the number of sources,
a source’s information is most likely divided into many components. In that case
we should cluster the components before synthesizing the source. Choosing the
right £ depends on the mixture; how many instruments are involved, how well are
the sources mixed, etc are some of the important criteria to consider. Since it is
hard to estimate the best value of k, the best option is to experiment on different
values of k. In chapter 4 we present what we have observed by experimenting on
the values of k. Other than the correct k value, it is also important to determine
a reasonable iteration number. Less then required number of iteration would end
up with an unsuccessful separation and more iteration would mean overfitting or

slower processing.

3.5 Computational Auditory Scene Analysis
(CASA)

CASA is a research field that deals with computational examination of the sounds

in an environment [28]. One of those separation methods is the CAM (Common
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Amplitude Modulation) method [29]. This is the very first algorithm that we
have tried when we decided to work on musical instrument source separation.
However our studies showed that we cannot apply this methodology on unison
musical source separation case. The CAM methodology is based on the fact
that the amplitude of the harmonics of an instrument tends to have a similar
spectral shape. There exists a source separation method for monaural mixtures
[30] uses CAM to perform separation. The system classifies all the harmonics in a
spectrogram as non-overlapped or overlapped by using the fundamental frequency
values of the instruments. After that, it discards all the non-overlapped harmonics
since there is no feasible way to separate that harmonic. Then it re-creates that
harmonic for both instruments by the CAM principle; which is to estimate the
shape of the amplitude modulation over time by the neighboring harmonics of

the instruments.

This method requires having different pitches of both instruments in the mixture.
For the unison case, since both instruments are played at the same pitch, almost
all the harmonics would be overlapped. So there would be no way to obtain
the spectral shape of the amplitude of the harmonics. In order to modify this
algorithm for the unison case, one can use model based algorithms to estimate a
spectral shape for all the possible instruments that would appear in the mixture.
However, since the spectral shape of the harmonics amplitudes depend on many
aspects like recording environment, style, playing style. It would be hard to build

a model that covers all those different aspects. Therefore we decided not to work

further with CAM method.
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Chapter 4

The NTF Based Source
Separation Algorithm

Most source separation algorithms are proposed for a specific problem domain. As
in research areas like machine learning or pattern recognition, an algorithm that
works fine for all cases does not exist. Within all the possible problem domains, we
decided to work on a base case as if we are solving a recursive problem. If we look
close enough to a spectrogram of an unison instrument mixture, we eventually
would find those two instruments playing at a constant tone. We decided to work
on these small time intervals and we assumed that this problem domain can be
seen as the base case of the bigger problem. Investigating on this base case might
reveal a solution to a more general source separation problem. This is our initial

motivation about working in source separation.

In this chapter we will present our proposed algorithm, our experiments and
observations and the results. We have implemented various source separation
algorithms derived from NMF and NTF and we have experimented with these
algorithms on their success with different musical instrument mixing scenarios
and different implementation techniques. Given the fact that the success of these
algorithms highly depend on initialization of the decomposition matrices and

many other parameters, we decided to observe the effects of changes in these
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parameters and other early decisions in the source separation algorithms. So
the purpose of the implemented system is to investigate which source separation
algorithm can work better with which parameters, which instrument mixtures
and which clustering methodologies. As we expressed earlier we experiment on
combining several statistical source separation algorithms with clustering meth-
ods. The main idea is to try these methods on unison mixture case to observe
which algorithms would be successful. Some of the unison instrument mixtures
has amplitude modulation added to one or both of their instruments. We expect
amplitude modulation detection based separation methods to work better with
these mixtures. Rest of this chapter will introduce the detailed explanation of

the algorithms, our musical instruments and the listening test.

4.1 The NTF Based Algorithm

The algorithm that we have proposed is based on the NTF algorithm. Figure 4.1
shows the block diagram of the algorithm. It visualizes each step of the separation
process. The following section explains the building blocks of the system. The
algorithm starts with zero padding. As explained in the previous chapter, zero
padding adds zeros to the beginning and end of the signal. We need this in order

to prevent getting noisy peaks in the frequency domain.

4.1.1 DFT Filterbank

We apply a filterbank in order to divide the frequency spectrum into bins. Within
the source separation algorithms, one can use many different filterbanks including
gammatone and DFT filterbanks. A DFT filterbank divides the spectrogram into
equal sized bins whereas a gammatone filterbank mimics the human auditory
system on grouping the frequencies into bins [27]. In our algorithm we use a
DFT filterbank. We use STFT to apply the DFT filterbank. The challenging
task is to calculate the best window size so that the all the frequency peaks,

which are the fundamental frequency and the harmonics, are at the center or
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Figure 4.1: The NTF based separation algorithm pipeline
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Figure 4.2: DFT filterbank bins

close to the center of the bin that it belongs. If a frequency peak is at the edge
of a frequency bin, we have the risk to not to be able to capture that frequency
component of the signal. In order to prevent that, we implemented a system that
calculates the best window size for the mixture. Figure 4.2 shows the first 10
harmonics of a piano and cello mixture. The dashed red lines are representing
the filterbank bins calculated by our system. Notice the best case requires us
to have many empty frequency bins. But this is a better situation than missing
some of the peaks. In order to calculate the best window size, we need to know
the location of the fundamental frequency and the overtones. To detect those, we
used two fundamental frequency estimators [31]. They are called Yin’s algorithm
[32] and RAPT [33]. Fundamental frequency estimation can be done in time
domain as it is in YIN’s algorithm or it can be done in frequency domain, as it
is in RAPT.
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Figure 4.3: NTF decomposition of a single sine wave

Note that STFT outputs amplitude and phase parts. We store the phase ma-
trix to be used in the reconstruction stage. After performing the separation in
modulation domain. We need to combine the phase matrix with the magnitude

matrix. Section 4.1.4 explains the reconstruction phase.

4.1.2 Tensor Representation

After dividing the frequency spectrum into bins, the next step is to produce the
tensor representation of the signal in order to work with the NTF algorithm.
Tensor representation adds another dimension that is the modulation axis. After
applying the filterbank, notice that we obtain a matrix representation of the
mixture. The rows are the filterbank bins, and the columns are the sample values.

In other words, we can define the rows as frequency axis, whereas the columns
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Figure 4.4: Tensor decomposition for the mixture of two sine waves

are time axis. In figure 4.1, we apply STFT to each column of the spectrogram
representation. For a better visualization of the NTF result, we have given the
dimensions as 512 x 4096 for the spectrogram and 512 x 512 x 8 for the tensor
represenation as example values. Note that STFT reveals all of the repetitions
and patterns in the data. If frequency data is used as an input to STF'T, then the
magnitude of the result would be the modulations, the rhythmic changes in the

frequency domain. Again we store the phase matrix to be used in reconstruction.

4.1.3 The NTF algorithm

After preparing the tensor representation of the mixture data, the next step is

to decompose it into Basis, Activations and Gains matrices. As explained in
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Figure 4.5: Tensor decomposition for the mixture of two sine waves with AM

the previous chapter, we use NTF algorithm to perform this task [27]. The
output of NTF visualizes the frequency, time and modulation dimensions at the
same time. The Basis matrix shows frequency domain information, the Gains
matrix shows modulation domain information and Activations matrix shows the
time intervals that the Basis and Gains are active. Figure 4.3 shows the G,
A and S matrices for a single sine wave, that is the first case in out test files.
Notice we have two blue lines in each plot since the number of components is
set to two for that NTF run. Figure 4.1 also shows how the dimensions of those
matrices would be, when & = 2. With two components, we would expect that
each component will represent a source. If we had more number of components,
a component would represent a part of a source. This NTF run on the single
sine wave divided the power of the same frequency bin among the components.
In a successful separation we would expect one component to have the frequency

peak and the other component to have nothing. But separation success depends
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Figure 4.6: Tensor decomposition for piano and cello mixture

on many factors, including the input properties and number of components. Our
experiments showed that NTF and NMF work poorly when k& = 2. If the number
of the components are more than the number of sources, each component would
contain a fragment of one of the sources. Since it gives better results to select
k > 2, the source separation algorithm would separate the mixture into £ many
fragments. Figure 4.7 visualizes this scenario. The solution is to cluster the
components into the number of sources. We will cover that concept later in this

chapter.

The Activations plot shows the time frames where the frequencies are active. In
Figure 4.3, the activations matrix shows that the component on the left hand side
is active all the time. For the component on the right hand side is active only
at the beginning. Finally the Gains matrix show that there are no modulation

frequencies in this sine wave. This is expected since the input sine wave does not
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have amplitude modulation.

Figure 4.4 shows the NTF decomposition for the signal formed of two sine waves.
The basis matrix shows two frequencies on both components. The Activation
matrix shows that the component with higher magnitude is active all the time
whereas the other component is active is only active in the beginning. The Gains
matrix shows us that the input signal does not have any modulation frequencies.
The NTF algorithm that we used in Figure 4.3 and 4.4 separates the attack
phase of the instrument, which is a source separation but a wrong one in our
criteria. We would define a successful separation as; each frequency involved in
the mixture should be seen in a separate component. Figure 4.5 is also an NTF
decomposition for the signal formed of two sine waves with different base and
modulation frequency. The Basis and Activations matrices are the same as in
Figure 4.6. Gains matrix shows us two frequencies in the first component. The
result of this NTF run is a 5 seconds long signal that is formed of two sine waves
with two modulation frequencies and a 2 seconds long signal that is formed of

same two frequencies.

Now that we have seen how to interpret the NTF decomposition, it is time to
see the NTF decomposition for musical instrument files. Figure 4.6 shows the
tensor decomposition for Piano and Cello mix. Basis matrix shows the frequency
spectrum of the mixture. Activations matrix shows that both components are
active all the time with varying magnitudes. Gains matrix shows that the first
component has a slight amplitude modulation. Remember the number of compo-
nents is a user defined parameter. In Figure 4.8, we have the NTF decomposition
of the same mixture for four components. The frequency spectrum is divided into
four components. As we stated earlier, since there are two sources in the mixture

and we have more components than sources, a source can be reconstructed only
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Figure 4.8: Tensor decomposition for piano and cello mixture with 4 components

by combining the components.

As explained in chapter 3.5, G, A and S matrices are initialized randomly at the
beginning of the algorithm. Since random initializes does not always produce
good results, we decided to apply NTF two times. Figure 4.9 shows the pipeline
for the 2-step NTF. The Gains matrix from the first NTF run is used for the
initialization of the Gains matrix on the second NTF run. By this way, we use
the modulation domain information of the mixture to increase the separation

success.

4.1.4 Reconstruction

The reconstruction step is to switch back to time domain. By using the Basis,

Activations and Gains matrices, we obtain the time domain representation of
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Figure 4.9: 2-Step NTF pipeline

the components [34]. When we listen to the components, we expect to hear the

instruments partially or if it is a perfect separation; completely. The first step

is to create filters for each component. Figure 4.1 and figure 4.10 visualize the

filter creation. We create k£ many filters and each filter apply each of them to the

mixture in order to perform separation. Let G represent the £ component of

G. Then the filter can be expressed with the following equation;
G Ak Sk

Mop,=————— 4.1
- S GRALSy (4.1)

where k is the number of components and M, ;,, stands for filter. We calculate

this filter for each component and multiply it with the tensor.
‘A/;",k,p = Tr,k,p X Mr,k,p (42)

Note that T, is tensor and the result is a r X k X p tensor in modulation
domain. Notice we calculate this for each component. For each row of the tensor,
we apply inverse STFT to switch to the frequency domain. In order to apply
inverse STFT we have to add the phase information. As explained earlier, we
store the phase matrices every time an STF'T is applied. The following formula
shows how to combine magnitude and phase matrices. Note that S,y and Sppase

are the magnitude and phase information, respectively.
S = Spag X €xp(i X Sphase) (4.3)

If the NMF based algorithm is used, we already obtained the reconstructed in-
struments in time domain. For the NTF based algorithm, we apply inverse STF'T
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once again in order to switch from frequency domain back to time domain. Refer

to Figure 4.1 and 4.10 for visualization.
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Figure 4.10: The NMF based separation algorithm pipeline for £k = 6

35



4.1.5 Clustering

The reconstruction step prepares the time domain representation of the compo-
nents. As we explained earlier, when we have more components than the number
of sources, components have partial information about the instruments and we
add them up to have the complete spectra of the sources. But deciding which
component belongs to which source is challenging. Since NMF and NTF al-
gorithms do not perform a perfect decomposition, a component would contain
information from both instrument’s frequency spectrum. Thus, the task is to
evaluate the similarity of the components to sources. An unsupervised algorithm
will not be able to use any prior information about the sources whereas a super-
vised algorithm can compare the components with the original sources in order
to see the best case clustering scenario. In this thesis we experimented with var-
ious clustering algorithms including both supervised and unsupervised clustering

approaches.

We used k-means as our main clustering algorithm. K-means algorithm clusters
the components such that the overall euclidean distance between the elements
in each cluster are minimum [27] [35]. We used k-means both in supervised
and unsupervised cases. We also use a similarity measurement called Signal to
Distortion Ratio (SDR) to perform clustering [36]. Let’s introduce the clustering

methodologies that we used.

Signal to Distortion Ratio (SDR): Blind SDR clustering calculates similarity
for each component pair combination and clusters the components with respect

to similarity values. Number of clusters is always set to number of sources.

Supervised SDR: In supervised SDR we use the original sources. Each compo-
nent is compared with both of the sources and similarity is calculated with SDR.
Then each component is clustered with respect to which cluster they are more

similar to.

Blind K-means: We use Blind kmeans with respect to Basis and Gain matri-

ces. Remember Basis and Gain matrices hold frequency and modulation domain
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a) A sine wave b) A sine wave with AM
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Figure 4.11: Various single sine waves

information respectively. For both of the runs, we first use NTF to decompose
the mixtures and obtain G and S matrices. Then we use k-means to cluster with

respect to frequency or modulation spectrum.

Supervised K-means: As it is with Blind k-means, we have different versions
of supervised k-means. We change what we compare between components and
sources. We decompose the mixture into G, A and S matrices with NTF, just
like the previous case. Afterwards we also decompose sources into those matrices.

Lastly we apply k-means algorithm on the components of the sources and mixture

with respect to G, A or S matrices.

All combinations: We also included a case in our experiments where we try
all the possible component additions and choose the one with the highest SDR

value. This method guarantees that perform the best possible clustering.
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a) Two sine waves b) Two sine waves, one with AM
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Figure 4.12: Various signals with two sine waves

4.2 The Test Data

The musical instrument files are generated by Cubase software with 192 kbps
resolution and 44100 sampling rate. Each recording of the single instruments

has 14 seconds of duration. We work with woodwind and brass instruments

such as; oboe and flute, stringed instruments such as; violin, cello and guitar.
Other than musical instruments, we worked on simple tones in order to clearly
see the results of the algorithms. These basic mixtures are generated in Matlab.
There are 20 different mixing scenarios. The following figures are the spectrogram

representations of the generated data. These mixing scenarios are combinations

of sine waves with amplitude modulations.

Figure 4.11 shows the first four cases of the scenarios. Figure 4.10a is a single

sine wave with 440 Hz. In Figure 4.11b, the sine wave has 440 Hz frequency with
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a) Same carrier, different modulations b) Two sine waves, different start times
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Figure 4.13: Signals with modulation effects and different start times

4 Hz amplitude modulation. Notice the amplitude value is modulating over time.
However in the first case we can see a constant amplitude change. Figure 4.11c is
also a sine wave with 440 Hz but with 8 Hz Amplitude Modulation. Figure 4.11d
is a sine wave with 440 Hz plus 4 Hz and 8 Hz amplitude modulation frequencies.
This mixing cases has only one sine wave. The aim to test the source separation
algorithms on single sine waves is to observe if the amplitude modulation can be

separated from the sine wave.

Figure 4.12 shows four different mixtures of two sine waves. Figure 4.12a has two
sine waves with frequencies 440 Hz and 1320 Hz. Figure 4.12b has a 440 Hz sine
wave with 4 Hz amplitude modulation added by a 1320 Hz sine wave. Figure
4.12¢ shows the mixture of a 440 Hz sine wave with 4 Hz amplitude modulation
and a 1320 Hz sine wave with 4 Hz amplitude modulation. Finally figure 4.12d

is the mixture of 440 Hz sine wave with 4 Hz amplitude modulation and 1320 Hz
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a) Different start times and different AMs b) Harmonlc signal with shared AM
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Figure 4.14: Singals with harmonics

sine wave with 8 Hz amplitude modulation.

Figure 4.13 shows more complicated sine wave mixtures. Figure 4.13a is the
summation of two sine waves with same carrier frequency that is 440 Hz but with
different modulation frequencies; 4 Hz and 8 Hz. Notice the mixture looks as if
there is a single carrier frequency. This is the fundamental problem in unison
source separation that we are trying to deal with. It is hard to differentiate this
case with the case in Figure 4.11d. Figure 4.13b shows the mixture of two sine
waves with 440 Hz and 1320 Hz, starting at different times. To make the different

start times more noticeable, the two dimensional view from the top is plotted.

This case is important since the NMF and NTF algorithms potentially give better
results when one of the sources exists alone in a portion of the mixture. That

mixture is sparser than other mixtures, in which the sources start playing at the
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a) Two harmonic signals, diff. start times b) Same carrier, diff. AMs and start times
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Figure 4.15: Spectrograms of test files

same time. NMF and NTF works better with spare data. Refer to chapter 2
for detailed information about NMF and NTF. Figure 4.13c is the mixture of
two sine waves with 440 Hz carrier frequency. Notice they both have amplitude
modulation and they start at different times. Figure 4.13d is a sine wave with
1320 Hz carrier frequency with 12 Hz amplitude modulation frequency. This

modulator sine wave generated with the following equation;

modulator = 0.25 - sin(27 - (3 - modF'req) - t) (4.4)

whereas in Figure 4.10b, the modulator sine wave is generated with the following

equation;

modulator =14 0.5 - sin(27 - modFreq - t) (4.5)
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a) Piano b) Cello
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Figure 4.16: Piano and cello mixture

Figure 4.14 has even more complicated mixtures. Figure 4.14a shows the mix-
ture of a sine wave with 440 Hz carrier frequency modulated by a 4 Hz sine wave
plus a sine wave with 1320 Hz frequency modulated by a 12 Hz sine wave. As
noticed, they also start at different times. Figure 4.14b shows a harmonic sig-
nal. The fundamental frequency is 440 Hz and there are 30 harmonics. All of
the harmonics are modulated by a 4 Hz sine wave. This specrogram models the
spectrum of a musical instrument. However, this signal has perfect harmonics
since all the overtones of the fundamental frequency is the integer multiples of
it. Therefore this test signal is to find out whether harmonicity is an important
criteria for source separation algorithms to work. Figure 4.14c is also a harmonic
signal with 440 Hz fundamental frequency. The only difference is all of the har-
monics are modulated by a 8 Hz sine wave. This case is to observe the affects of

different modulation frequencies under perfect harmonicity assumption. Figure
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Figure 4.17: Flute and horn mixture

4.14d is the summation of two previous cases. This case is designed to test as if
we have two instruments playing at the same pitch but with different modulation
frequencies. Since musical instruments tend to show different amplitude modu-
lation characteristics (due to their playing style, physical shape, etc). This case

is very close with our real life unison mixture scenario.

Figure 4.15 shows the last four test cases. Figure 4.15a is similar with Figure
4.14d. The only difference is that the signals have different start times. As we
stated before, different start times are in favor of the statistical source separation
algorithms. Figure 4.15b is the mixture of two amplitude modulated sine waves
with same carrier frequency of 440 Hz. As noticed, the start times are different
and they are modulated by 4 Hz and 8 Hz sine waves. Figure 4.15c¢ is the carrier
frequency with 440 Hz. Finally, figure 4.15d is the mixture of five harmonic sine

waves.
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a) Oboe b) Violin
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Figure 4.18: Oboe and violin mixture

As stated earlier, we work on generated musical instrument mixes as well. In
our initial experiments, we have worked on three different instrument mixes.
Those pairs are, piano and cello, flute and horn and violin and oboe. We used
these mixtures in our early experiments. For the final experiment with the final
version of the algorithm, we have used 11 instruments and their 55 pair-wise

combinations.

Figure 4.16 shows the spectrograms of a piano, a cello and their mixture. Notice
this is the 2D representation of the spectrogram. The amplitude information can
still be observed from the color changes. Darker colors indicate higher amplitude.
They play at the same pitch and they start playing at the same time. Notice
that the piano harmonics have smooth amplitude whereas cello has amplitude
modulation which can be observed from the fluctuation of the amplitude of the

harmonics. Notice further that piano has a strong attack phase which can be
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told by observing the color changes over time. The amplitudes of the overtones
slowly looses energy over time. Cello’s attack phase is slower and wider. During
the sustain phase, the amplitude does not loose energy. These are the spectral
feature differences of these instruments. Interestingly, the mixture spectrogram
is dominated by cello. The mixture resembles cello more than it resembles piano.
This brings us to the conclusion that it is not a good way of separating the sources

by looking for the spectral characteristics of the instruments.

Figure 4.17 shows the spectrograms of a flute, a horn and their mixture. They play
at the same pitch and they start playing at the same time. When we compare
the spectrograms, we can again observe differences in spectral features. Flute
has a slower attack phase and has more amplitude modulation than Horn. In
the mixture flute looks more dominant in terms of amplitude envelope. Finally,
figure 4.18 shows the spectrograms of an oboe, a violin and their mixture. They
also play at the same pitch and they start playing at the same time. Oboe has
more amplitude modulation whereas violin have higher amplitude value. Lastly,
oboe is the dominant instrument in the mixture. We have introduced our sound
files and instruments. Our aim on choosing these instruments is to cover a wide

range of musical instrument characteristics.

4.3 Experiment and Results

This section explains the listening test and the results of it. Moreover, we sum-

marize the proposed algorithm and point out its strong and the weak points.

4.3.1 Performance Evaluation

We have performed a listening test by using 11 instrument pairs. 20 people from
Fraunhofer IIS Audiolabs have participated in the listening test. It is an online
test where the test is similar to a MUSHRA [37] test with a minor difference
which is the absence of a hidden anchor. The MUSHRA test is used to evaluate
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Figure 4.19: Listening test instrument comparison

the success of an audio coding algorithm. The test subjects are asked to identify
noise artifacts, which can be caused by the audio coding algorithms. If the test
subjects can not recognize any noise, the audio coding algorithm is considered
as a successful algorithm. The last detail we should give about the MUSHRA
test is the procedure of the test. For each audio signal, there are 5 audio files to
be compared with the original instrument recording. Each of those 5 audio files
are generated by using a different version of NMF or NTF. Our first aim was
to experiment on the effects of different implementations. Our results show that
there is not any significance difference between the different implementations.
However, we have found out that the test participants evaluated the separation
of violin in the piano & violin mixture as the best one. Interestingly, same
violin recording evaluated to be the worst separation result in the oboe & violin
mixture. Figure 4.19 shows these results. We conclude that separation success

is dependent on the individual instruments that are mixed. There does not exist
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any instrument that is separated easily independent from the other instrument

in the mixture.

If we evaluate our listening test results with respect to different NMF and NTF
implementations, it is observed that NTF algorithm is the one with the best
performance. Figure 4.20 shows the results. We can categorize the implemen-
tations with respect to the algorithm (NMF or NTF), the mixture (oneshot or
not) and the clustering they use. Oneshot implementations contain the individ-
ual instruments in the mixture as well. As explained earlier this makes the data
more sparse. For the listening test, we use all combinations clustering and blind
k-means clustering. Here we used all combinations clustering since we wanted to

compare the implementations with the best possible clustering.
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Clustering - Piano Cello

4 T T T
- o ] a a o !
» o -] ]
3 o
o
2r -] N
r
[\ \
1+ P .
= - ] o ‘
g 1 \
o ’ \
5 R
(2] I \ -
e g
> I e Ry |
© -~ ~ .
9] l-‘-ﬁv-.-..--_","-' """" Siag \ s, B -
Tl e -k ' - TETsgnT e
g ! 1 Ao - a
’ \, \ 4 a
~ Vi V4
’ B 1 A
-2 2 ! F *, n
. \ ’
=M= Blind SDR - R
L Supervised SDR B. Y
_3I! +=m=" Blind K-means w.r.t G o u |
=M@= Blind K-means w.r.t S o
B Supervised K-means w.r.t G o
B Supervised K-means w.r.t S
_4 I I I 1 1 1 1 1 1
2 3 4 5 6 7 8 9 10 11 12

Number of Components

Figure 4.21: Clustering results for piano and cello mixture

4.3.2 Discussion

Figure 4.21 and Figure 4.22 show that the best clustering is achieved by Super-
vised SDR. That is the limit that other clustering algorithms could reach. Our
experiments show that supervised kmeans with respect to Basis works as good
as supervised SDR after £k = 5. Figure 4.22 compares the clustering results for
oboe and bassoon mixture. For this mixture, the SDR values are relatively low,
indicating that the separation is as not as good as the piano and cello case. How-
ever, we can still tell that supervised k-means with respect to Basis matrix is still

the best possible clustering method for our problem.

We conclude that when the sources in the mixture start at the same time, it be-
comes hard for the NTF algorithm to perform separation. When we started one

of the sources with delay, we have observed that the separation success increased.
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Clustering — Oboe Bassoon
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Figure 4.22: Clustering results for oboe and bassoon mixture

We have experimented with many instruments and concluded that when instru-
ments with different spectral envelope are mixed, it is relatively easy to separate
them. However, some instrument mixtures like oboe and flute or horn and flute

are hard to separate since their spectral shape are familiar.

We have observed that separation success of the statistical source separation
algorithms depend on sparsity in the mixture. As explained in the previous
paragraph, if we delay one of the instruments in the mixture, the create sparsity
in the data. In these cases separation success increase dramatically. However we
do not focus on this fact since we are interested in unison mixtures where the
instruments play at the same time. The clustering stage showed us that, source
separation algorithms work better when there is a learning or supervision stage

before the separation.
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Chapter 5

Conclusion

Musical instrument source separation in monaural and unison recordings is a
challenging task. Unsupervised or semi-supervised source separation success is
limited since the instruments share almost all the harmonics. Stochastic source
separation algorithms such as non-negative matrix factorization (NMF) and non-
negative tensor factorization (NTF) can be used for this source separation case.
NMEF and NTF is used to divide the mixture into £ many fragments. NMF and
NTF works poorly when k£ = 2. As a result, the k value should be set to higher
values than two. When £ is bigger than two, the source separation algorithms
that we have proposed output many fragments of the mixture and each fragment
contains partial information of one of the instruments. We should add the similar
fragments together until we have two sound sources. We named this step as the

clustering stage.

We have tried many different algorithms for source separation. But most of the
source separation algrithms require the mixture to be non-unison (instruments
with different start times and durations) and binaural. Thus we use NMF and
NTF as the fundamental block of our separation pipeline. We have implemented
different versions of the proposed pipeline. Some were semi-supervised in order
to see the upper limits of the unsupervised algorithms. Especially in the clus-
tering stage, we have found out that source separation success is limited without

supervised clustering algorithms.
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To evaluate the success of our separation results, we have used the SDR similarity
measurement. Even though the separated instruments are recognizable, the SDR
values are low. Therefore we performed a listening test in order to evaluate
the separation success with respect to human auditory system perception. The
listening test showed that the some instruments are easier to recognizable after
the source separation. Moreover the source separation quality depends on the
mixture; a mixture does not necessarily have to be separated successfully just

because the individual sources of that mixture are easily recognizable.

Supervised source separation algorithms require a general knowledge of the in-
struments to be separated. We plan to combine machine learning algorithms with
our source separation algorithms. In order to use machine learning methodolo-
gies, we need to research on the timbral features that can be extracted from the

sound files.
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