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ABSTRACT

Blind Source Separation (BSS) attempts to automatically extract and track a signal of
interest in real world scenarios with other signals present. BSS addresses the problem of
recovering the original signals from an observed mixture without relying on training
knowledge. This research studied three novel approaches for solving the BSS problem
based on the extensions of non-negative matrix factorization model and the sparsity

regularization methods.

1) A framework of amalgamating pruning and Bayesian regularized cluster nonnegative
tensor factorization with Itakura-Saito divergence for separating sources mixed in a stereo
channel format: The sparse regularization term was adaptively tuned using a hierarchical
Bayesian approach to yield the desired sparse decomposition. The modified Gaussian prior
was formulated to express the correlation between different basis vectors. This
algorithm automatically detected the optimal number of latent components of the

individual source.

2) Factorization for single-channel BSS which decomposes an information-bearing
matrix into complex of factor matrices that represent the spectral dictionary and temporal
codes: A variational Bayesian approach was developed for computing the sparsity
parameters for optimizing the matrix factorization. This approach combined the advantages

of both complex matrix factorization (CMF) and variational L;-sparse analysis.
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3) An imitated-stereo mixture model developed by weighting and time-shifting the
original single-channel mixture where source signals can be modelled by the AR processes.
The proposed mixing mixture is analogous to a stereo signal created by two microphones
with one being real and another virtual. The imitated-stereo mixture employed the
nonnegative tensor factorization for separating the observed mixture. The separability

analysis of the imitated-stereo mixture was derived using Wiener masking.

All algorithms were tested with real audio signals. Performance of source separation
was assessed by measuring the distortion between original source and the estimated one
according to the signal-to-distortion (SDR) ratio. The experimental results demonstrate
that the proposed uninformed audio separation algorithms have surpassed among the
conventional BSS methods; i.e. IS-cNTF, SNMF and CMF methods, with average SDR

improvement in the ranges from 2.6dB to 6.4dB per source.
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CHAPTER 1

CHAPTER 1

INTRODUCTION TO THE THESIS

1.1 Background of Blind Source Separation

Humans are very good at focusing their attention on the speech of a single speaker,
even in the presence of other speakers and background noise. One classical problem of
blind source separation (BSS) [1] is the so-called “cocktail party problem” is a
psychoacoustic phenomenon that refers to the remarkable human ability to selectively
attend to and recognize one source of auditory input in a noisy environment, where the
hearing interference is produced by competing speech sounds or a variety of noises that
are often assumed to be independent of each other. Although the human brain and
auditory system can handle this everyday problem with ease it is very hard to solve with
computational algorithms. There are attempt to imitate the human performance with a
machine by simplifying the complex perceptual task as a learning problem for tractable

computational solution.

Speaker separation has conventionally been treated as a problem of Blind Source
Separation. BSS [2] is an approach to unveil independent source signals from their
mixtures without any prior information on the sources or the parameters of the mixed

signal. Many methods for BSS have been proposed to reconstruct source signals for
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example computational auditory scene analysis (CASA) relies on the development of a
computational model of the auditory scene to automatically extract and track a sound
signal of interest in a cocktail party environment, independent component analysis (ICA).
ICA is a data driven method that makes good use of multiple inputs and relaxes the strong

characteristic frequency structure assumptions.

The ICA algorithms find the independent components by maximizing the statistical
independence of the estimated components. However, ICA algorithms perform best when
the number of observed signals is greater than or equal to the number of sources [3]. BSS
is broadly applied in different disciplines such as in order to deploy automatic speech
recognition (ASR) effectively in real world scenarios it is necessary to handle hostile
environments with multiple speech and noise sources. Current state-of-the-art ASR
systems are trained on clean single talker speech and therefore inevitably have serious
difficulties when confronted with noisy multi-talker environments [4].

Non-negative Matrix Factorization (NMF) has been ubiquitously used in many
applications with great success for recovering underlying source signals given by a single
sensor. The NMF method was invented by two scientists Lee and Seung [5] for
factorizing a matrix into a product of two non-negative matrices. NMF has been applied
extensively with considerable success to various problem domains, such as monaural
sound source separation [6], polyphonic music transcription [7], face detection [8] and
other signal-processing applications. NMF can project all signals that have the
homogeneous spectral shape on a single basis, allowing one to represent a variety of

phenomena efficiently using a very compact set of spectrum bases and there has been a
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plenty of work in modeling audio using non-negative matrix factorization and its
probabilistic counterparts as they yield rich models that are very useful for source
separation and automatic music transcription. Learning time-varying spectra with
standard NMF would require using a large number of basis vectors, and some
post-processing to group the basis vectors into a single spectral vector. NMF and its
extension are the prominent methods for linear combination that algorithms have been
applied to solve the practical problems of BSS in many applications. Existing approaches
have been successful in different conditions but none of them are yet satisfactory for

speech application.

1.1.1 Blind Source Separation Problem using Nonnegative Matrix Factorization

Nonnegative matrix factorization (NMF) is an unsupervised data decomposition
technique with considerable research success in the fields of blind source separation (BSS)
[6, 9], data classification [10], data mining [11], pattern recognition [12], object detection
[13], and dimensionality reduction [14]. Conventional NMF starts with a data matrix

Y = [¥1, ..., yr] € RETwith Yr, > 0. NMF factorizes this matrix into a product of two

nonnegative matrices i.e. W € RS*¥ and H € T such that

Y ~ WH (1.1)

where F and T denote the total number of rows and columns in matrix Y, respectively.
Generally, K is arbitrary set to be smaller than F and T. Thus, matrix Y is the output

from the multiplication of the compressed matrix W weighted by the component of H.
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As such, the K of W is important for approximating the data in Y. Therefore, the
matrix W is considered as a set of basis vectors. NMF was initially developed using the
multiplicative update (MU) algorithm to solve its parametric optimization based on the
least square (LS) distance and Kullback-Liebler (KL) divergence as a cost function
[15-16]. Other families of cost functions have been proposed, such as the Beta divergence
[17], Csiszar’s divergences [18], and Itakura-Saito (IS) divergence [19]. Additionally,
iterative gradient update was presented [20] and a sparseness constraint can be included
into the cost function by regularization using the L,-norm based on minimizing penalized
least squares [21] and using different sparsity constraints for W and H [22]. However,
the sparsity parameter is manually determined the above proposed methods. Approximate
sparsity is an important factor which represents significant information in Y. Many sparse
solutions have been proposed in the last decade. Nonetheless, the optimal sparse solution

remains an open issue.

1.1.2 Applications of BSS

BSS has been a hot topic in signal processing during last few decades. Applications of
BSS have been reported in many fields. Such is the case when a sensor array records
acoustic or electronic communications signals emanating from a number of different
sources. BSS is an important technique used in applications such as a front-end for robust
automatic speech recognition (ASR) where many proposed methods are based on
independent component analysis (ICA). However, the performances of these methods

degrade seriously particularly under extreme reverberant conditions. The experimental
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results reveal that the separation performance of the ICA method proposed in [23, 24]
using subarray processing is improved as the number of microphones is increased. An
automatic music transcription task involves extracting information from individual
sources. This task becomes more challenging when a given musical recording has
numerous parts by numerous instruments. The one solution based on NMF approach [25]
is to analyze frequency spectra of music signals and perform instrument separation or
note transcription. If each of the instruments in the mixture can be modelled, they can be
transcripted individually. This application is useful for a musician attempting to practice a
particular instrument of interest directly from a multiinstrument recording.

Another example of the blind source separation application can be seen in medical
applications where electrodes on the scalp record a mixture of signals generated by
various sources of activity within the brain and are combined with sources of interference,
such as signals generated by muscle activity. The BSS problem arises e.g. in analysis of
the electric potentials on the scalp surface (electroencephalogram (EEG)), recording the
magnetic fields near the surface of the head (magenetoencephalogram (MEG)). The
analysis of the data is complex because it is possible that multiple neural generators are
simultaneously active, and the potentials and magnetic fields from these sources overlap
the footprint of the detectors [26]. In these cases, the BSS solution has been used to
un-mix the data into signals representing the behaviors of the original individual
generators. Recent research has also shown the feasibility of BSS techniques for various
medical applications in [27, 28].

Blind source separation (BSS) has been attempted in robot audition, using a
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microphone array. In these cases, the use of multiple sensors array improves significantly
the performance of the source separation algorithm. Microphones that should be used for
robot audition given a specified array geometry i.e. the microphones are located around

the robot’s head [29].

1.1.3 Blind Audio Source Separation

In this thesis, the special case of audio mixtures problem termed as blind channel source
separation is focused. For blind audio source separation (BASS) methods, this denotes the
separation of completely unknown sources without using additional training information.
Most audio signals are mixtures of several audio sources (speech and music). This
method consists in recovering one or several source signals from a given mixture signal.

Figure 1.1 shows a general framework for BASS methods.

y(©)
Audio mixture

Feature extraction

\4

Separation

A 4

Signal Reconstruction

Source estimate

Figure 1.1: Overview of BASS approach.
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In Figure 1.1, the input to the separation system is only the audio mixture. The mixture
is transformed into a suitable representation that directly through a signal reconstruction

method to compute the estimates of the separated sources.

1.2 Objectives of Thesis

This thesis aims to investigate blind source separation methods in fundamental theories,
assumptions, applications and limitations terms and further develop new algorithms of BSS

for audio mixture. With this goal, the objectives are briefly explained in the following:

i). To present a unified perspective of the widely used state-of-the-art nonnegative matrix
factorization (NMF) approaches. The theoretical aspects of BSS are presented to
provide sufficient background knowledge relevant to the thesis.

ii). To develop rigorous new theories, mathematical derivations, and algorithms to recover
the information about the original sources.

iii). To carry out analysis and comparisons of the proposed algorithms performance with
state-of-the-art BSS methods by using objective as well as perceptual evaluation of

audio quality using metrics such as the Signal-to-Distortion ratio (SDR).

1.3 Thesis Outline

Three novel methods based on NMF constitute the main contribution of the thesis. The

thesis outline is as follows:
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Chapter 2 provides an overview of recent source separation methods based on NMF
approach is given. This chapter begins with an introduction to NMF methods and includes
hidden Markov model (HMM) and complex components. The extention of NMF which is

known as nonnegative tensor factorization (NTF) method is also reviewed.

Chapter 3 introduces a novel approach to Bayesian regularized cluster nonnegative
tensor factorization under a parallel factor analysis (PARAFAC) structure. The basis for
the proposed tensor factorization is developed under the framework of maximum a
posteriori probability which is further adaptively fine-tuned using the hierarchical
Bayesian approach. This chapter will show that this method enables: 1) a generalized
criterion for variable sparseness to be imposed onto each element of the temporal code;
and 2) modified multivariate rectified Gaussian prior information to be explicitly
incorporated into the basis features. This chapter also addresses the important issue of
efficiency by using a framework of model selection for pruning unnecessary components
and a novel Bayesian regularized cluster nonnegative tensor factorization under a
PARAFAC structure with Itakura-Saito divergence. The proposed method is demonstrated

further via experiments on underdetermined linear instantaneous stereo mixtures.

Chapter 4 covers a novel single-channel audio source separation (SCASS) which has
been developed to extract better quality of audio separated signals. This chapter will
introduce this approach that exploits the variational L, -sparse complex matrix

factorization (vL,-SCMF) to offer the advantages of the CMF and a variational L;-sparse
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approach, simultaneously and decomposes an information-bearing matrix into complex
factor matrices that represent the spectral dictionary and temporal codes. The derivation
of a variational Bayesian approach to compute the sparsity parameters for optimizing the
matrix factorization will be presented. The method is then demonstrated on separating
audio mixtures recorded from a single channel and its performance is compared with
other existing sparse factorization methods. The performance of the developed algorithms

will be measured using real-time audio signals in terms of the signal-to-distortion ratio.

Chapter 5 presents, a novel approach to solve the single-channel blind source
separation (SCBSS) problem in which a new imitated-stereo mixture is formulated by
weighting and time-shifting the original single-channel mixture. This chapter will show
how paves the way to employ nonnegative tensor factorization applies to the
monaural-channel problem by creating an artificial mixing system whose parameters can
be estimated via a proposed nonnegative tensor factorization. The proposed tensor
factorization is further developed under the framework of maximum a posteriori
probability and is adaptively fine-tuned under a PARAFAC structure with Itakura-Saito
divergence. In addition, the separability analysis of the proposed imitated-stereo mixture
is derived. Experimental testing on real-audio sources has been conducted to verify the

capability of the proposed method.

Chapter 6 provides the closing remarks as well as future avenues for research.
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1.4 Contribution

This thesis contributes three novel solutions for the BSS problem which can be

summarised as follows:

i). A unified approach for the existing BSS methods based on nonnegative matrix

factorization.

ii). A novel framework for multichannel blind source separation is proposed:

e Unlike the conventional NTF approach, the proposed framework assigns a
probability distribution to each element of H = {h; j} and a sparsity parameter
associated with each probability distribution. This sets up a platform to enable
the sparsity parameter to be individually optimized for each element code.

o It automatically detects the optimal number of components K of the individual
source (i.e. K;, d=1,...,dpna Where d,,,, iS the maximum number of
sources). It designates a prior distribution on H and determines the desirable
K; in W by pruning the irrelevant K; from W. The term W with the proper
K; is used for estimating the source which renders the better separation
performance than W without the proper K.

e It incorporates prior information of the basis vectors using the modified
multivariate rectified Gaussian. This benefits the overall algorithm in terms of
better estimation accuracy and more meaningful feature extraction that pertain to

the data. Since each pattern in the observed mixture has its own features,

10
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designing the appropriate basis to match these features is imperative.

iii). A novel algorithm to solve SCBSS based on CMF is proposed.

e Unlike the CMF, the proposed model is assigned a probability distribution to
each element of H = {h;;} and a sparsity parameter associated with each
probability distribution. This sets up a platform to enable the sparsity parameter
to be individually optimized for each element code.

o The proposed algorithm enables the phase of constituent signals to be estimated
more accurately for feature extraction. Since each pattern in Y has its own
features, designing the appropriate phase to match these features is imperative.
Incorporating the phase parameter will give the better recovered sources than
without using phase information.

o Each sparsity parameter in our model is learned and adapted as part of the matrix

factorization.

iv). A novel method for single-channel blind source separation (SCBSS) based NTF is
proposed.

e The novel imitated-stereo mixture lights the way to reformulate NTF approaches
into the single mixture. This relaxes the under-determined ill-conditions
associated with monaural source separation.

e The proposed solution separates sources from a single channel without relying

on training information about the original sources.

11
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CHAPTER 2

OVERVIEW OF BLIND SOURCE SEPARATION

The following sections will provide an overview of existing algorithms of the
Single-channel Independent Component Analysis (SCICA), nonnegative matrix
factorization (NMF) composed of single channel NMF [30-32] and multi-channel NMF
which is known as Nonnegative Tensor Factorization (NTF). NTF is a multidimensional
model with nonnegativity constraints. Generally, the term ‘tensor’ denotes multi-way
arrays and the order of a tensor is the number of modes, also known as ways or

dimensions. The details of these approaches are discussed in Sections 2.1, 2.2 and 2.3.

2.1 Single-channel Independent Component Analysis

The ICA-based methods [33 - 35] show very successful, and perhaps, the most widely
used; for performing blind source separation in the general case. Single-channel
independent component analysis (SCICA) is a BSS technique that extracts statistically
independent sources from a single-channel recording. SCICA is an adaptation of the
standard ICA algorithm to one observed sensor, which has already been proposed in [24,
36, 37]. The mixtures can then be separated by only employing the standard ICA. The
observation model is expressed as:

y = Ax (2.1)

where the m X n matrix A is an unknown constant matrix called the mixing coefficient

12
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matrix. The task is to identify the mixing coefficient matrix A, and separate the source
signals x while only knowing a sample of observed vectors y. The term x represents
independent signals. Generally, the original signals can be separated from y as shown in
the following:

x =Wy where W = A1 (2.2)

For SCICA, the observed mixture y is broken up into a sequence of contiguous blocks

k with length N. These are treated as a sequence of vector mixtures:

y(k) = [y(k1), ...,y(kt + N — D] (2.3)

where k = 1,2,...,K is the block index 7 is a time delay, and (Kt + N —1) is the
length of the original signal. The matrix Y is then formed as a set of mixtures y(k) as

the following:

Y = [y(1), .., y(K)] (2.4)

The FastICA algorithm [38-40] can then be applied to Y to compute the mixing and
unmixing matrix A and W. For a perfect reconstruction decomposition, the separation
process must be performed in the mixture domain where each signal is discovered via A

and W as:

J’;(c]) = A HWiny (2.5)

where y,(ci) is the originaljt" signal in the mixture domain i.e. y=z,y§j>. The j&
signal is consecutively estimated and subtracted from y one at a time where the

subtracted y is redefined as a new obtained mixture y. The algorithm is repeated to

13
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extract the second signal and so on which is presented in Table 2.1.

Table 2.1: Algorithm of SCICA

1. Break up an observed mixture y into a sequence of adjacent blocks Y

2. Apply the FastICA algorithm to this matrix; to compute the unmixing matrix W

3. Extract the particular signal x(i) of interest by filtering the mixture y with the
corresponding row of the matrix W

4. Recover the original signal ny by multiply the extracted signal x(i) with the it"

column of the matrix A

5. Subtract the recovered signal yg) from the mixture y, redefine the substracted

mixture as y, and repeat the steps from 1 — 4 to further extract the remaining signals.

However, SCICA has two major drawbacks: first, the algorithm assumes stationary

sources, and second, the sources are assumed to be disjoint in the frequency domain.

2.2 Nonnegative Matrix Factorization Approaches

In recent years, there is growing interest in the field of BSS using factorization-based
approaches [41-45]. Non-Negative Matrix factorization (NMF) is a data-adaptive linear
representation method for 2-D matrices as presented in Figure 2.1. NMF decomposes a
non-negative data matrix V into the product of two non-negative matrix factors W and

H:

Vexr = Wy zHzyur (2.6)

14
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T Z

Figure 2.1: Diagrame of NMF

Where W plays the role of the basic matrix, while H represents the weight matrix.
The Z parameter indicates the number of basis used to represent the original matrix. The
basis can be considered as spectral patterns which are frequently observed. NMF is an
additive model which does not allow subtraction. To find such a pair of W and H
which minimizes the error of the approximation in (2.6), two alternative cost functions

are defined: Euclidean distance, C, and Divergence, D:

C= IV -WH| =3V, — (WH) )" 2.7)

\"
D = Zf,t ( Vf,t lOg (VVTf)tft - Vf,t + (WH)f,t) (28)

NMF aims to calculate the factor of the matrix V in the form of the product of matrix
W. Z is any positive integer which is less than F or T [46] chosen for finding
components. For the problem of sound separation at any position, (f,t) of the matrix V
is the amplitude of each frequency f at different time twhen 1 < f < Fand 1 <

t < T presented in spectrogram as shown in (2.6) and can be explained by using linear
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algebra. Figure 2.1 shows the matrix V as column vector of length F with T vectors. The T
columns of Vv consists of F-dimensional data vectors. The Z columns of W contains
basis vectors of dimension F. Each T-dimensional column vector of the approximation vV
as (2.6) is a linear combination of all basis vectors, whereby the coefficients are the
entries of the corresponding Z-dimensional column vector of H.

After estimating the matrix W and H in a source separation, the next step is to select
only the basis vector of the sound source from both of the matrices such as column at Z
and row at Z of the matrix W and H respectively. Next, multiplication of W and H
yields a new matrix size Fx T to be used in calculating the spectrum of the target sound
with various methods to follow.

Thus, NMF algorithms aim to find a local minimum of the divergences. Commonly
used cost functions for NMF are the generalized Kullback-Leibler (KL) divergence and

Least Square (LS) distance which have been introduced in [5], respectively, as:

2
—~ Y —~
G (WP[17F) = Y (lvf,tf 109 :;t:Z ol 19

fit fit

Cus (IVR[|91%) =280 (1%l = (%) (29)

where V = |Y|? is the power TF representation of mixture y(t) which can be further

- - - S 2
factorized as the product of two nonnegative matrices W and H and |Y|” = WH. From
the above equations, Cy; is equivalent to an-assumed Poisson noise model for the data
and C.s is equivalent to the maximum likelihood estimation of W and H in additive

independent and identically distributed (i.i.d.) Gaussian noise. The widely used estimation
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algorithms of Lee and Seung [5] minimize the chosen cost function by initializing the
entries of W and H with random positive values, and then update those iteratively
using multiplicative rules. Each update decreases the value of the cost function until the

algorithm converges. The update rule for KL divergence is given by:

2 T
W e w o W (2.10)
and
2 T
H « H o (EWOW 2.11)

where ‘e’ and ./’ denote the element-wise product multiplication and division,

respectively. ‘1’isanall-one F by T matrix. The update rule for LS distance is given

by:
|Y|2HT
W W WHAT (2.12)
and
WTlle
H e Hemrr (2.13)

On the one hand, the following are advantages of NMF: The mixing model is defined in
the magnitude spectrum domain. Because of the phase-invariant nature of magnitude
spectra, NMF is able to project all signals that have the same spectral shape onto a single
basis. This allows us to represent a variety of acoustic phenomena efficiently using a very
compact set of spectrum bases. On the other hand, NMF cannot estimate the phase spectra

of underlying constituent signals, which certainly limits its range of applications.
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2.2.1 NMF using Hidden Markov Model
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Figure 2.2: Overview of N-HMM method.

This section presents a model of single source sounds, Non-negative hidden Markov

model (N-HMM) [47], which combines the rich spectral representative power of NMF
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and the temporal structure modeling of traditional HMMs [48]. The overview of the
N-HMM method is presented in Figure 2.2. N-HMM is consistent with the non-stationary
nature of audio as a multiple learning small dictionaries of spectral components to
describe different features of the sound source. Furthermore, it can be used to model the

temporal dynamics of the sound source between dictionaries by learning a Markov chain.

Table 2.2 Average SDR results for 3 types of mixtures in difference model N-HMM & N-FHMM

and NMF.
Mixture Method SDR (dB)

N-HMM & N-FHMM 7.42

Music and Music
NMF 5.17
N-HMM & N-FHMM 5.73

Music and Speech
NMF 3.55
Male Speech and Female N-HMM & N-FHMM 2.56
Speech NMF 2.06

The overall comparison results between the N-HMM & N-FHMM and NMF methods
have been summarized in Table 2.2. According to the table, the N-HMM& N-FHMM
tends to yield better result than NMF method. The average performance improvement of
the N-HMM& N-FHMM method against the NMF method: 1) for the music and music
mixtures, the improvement SDR per source is 2.25dB. 2) For the music and speech
mixtures, the improvement per source in term of SDR is 2.18dB. 3) For the male speech
and female speech mixtures, the improvement per source in term of SDR is 0.5dB.
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The results demonstrate that this approach is applicable to model the individual sources
by learning several small dictionaries using NMF method and a Markov chain. Sources
have been modeled via HMM in time-frequency domain obtain prior information of the
original signals. Good separation performance with high SDR has been obtained using
the method. However, the mixing model implicitly assumes the added-magnitude spectra
which only approximately hold, although attempts are made to mitigate the non-additive
problem with respect to NMF. NMF cannot estimate the phase spectra of underlying
constituent signals, which certainly limits its range of applications. Moreover, the phase
coherence between frequency components can be easily destroyed as a result of many
factors. It is difficult to capture high-level structural elements from observations through

the use of complex-spectrum bases.

2.2.2 Bayesian Non-negative Matrix Factorization

Bayesian NMF [49] assumes a Gaussian likelihood, independent exponential priors on
W and H with scales oy, Bi. and derive an efficient Gibbs sampler to approximate
the posterior density of the NMF factors. It is assumed that the residuals are i.i.d. zero

mean normal with variance o2, which gives rise to the likelihood

P(Y|0) =TI e N(Yy; (WH) £, 0%) (2.14)
P(W) = [1fx o, exp(— oy Wr ) (2.15)

and
P(H) = Hk,t Br,: €Xp(—PBi,Hy,t) (2.16)
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where 8 = {W,H, o2} denotes all parameters in the model. The prior for the noise

variance is chosen as an inverse gamma density with shape k and scale 6,

P(0?) = M (0 Texp (- 2) (2.17)

According to Bayes' rule, the posterior distribution of all parameters in the model is
given by

P(W,H,c2|Y)x P(Y|W, H,o2) P(W)P(H) P(c?) (2.18)

The joint posterior density is approximated in a sampling scheme by iteratively

sampling one parameter while keeping all others fixed. Expressions are derived for the

conditional posterior densities of the model parameters

P(Wf . |Y,W_f 4, H,0?) (2.19)
P(Hy.|Y,W,H_;, 0?) (2.20)
and P(c?|Y,W,H,) (2.21)

where the index —f,k depicts all entries of a matrix except entry f,k.

A Gibbs sampler is used to maximize the posterior density of the parameters by
iteratively drawing samples from these conditional posterior distributions which converge
towards the joint posterior distribution. Fortunately, there are closed forms of the
densities to be drawn from and hence no samples need to be stored and the normalization
constant can be computed. The authors demonstrate that the procedure is able to
determine the correct number of components in a toy example and in a chemical shift
imaging (CSI) dataset.
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2.2.3 NMF with Automatic Relevance Determinant

In [62] presented automatic relevance determination for KL-NMF for model order

selection which does not need to evaluate the evidence by formulating a MAP criterion:

CMAP(W; H' ﬁ) =—InP (W, H,ﬁlY)
=—InP (YIW,H) —InP(W|B) —InP (H|B) —InP (B) (2.22)
using KL-divergence log likelihood and independent half-normal priors on each column

of W and row of H with precision parameter g,

P(Wri) = [7-exp (-2BWE),  Wpe20 (2.23)
P(Hy,) = /ﬂi—n exp(—3fHE,),  Hee20 (2.24)

The precision parameters g, are provided with a Gamma prior

bk _
P(Bilaw, bi) = s B exp(=Fibi), Bz 0 (2.25)

with fixed hyperparameters a and b.

A multiplicative algorithm optimizes Cy4p in (2.22) by iteratively updating W, H
and B. The data automatically determines the optimal values of the hyperparameters g.
The algorithm is initialized with a relatively large value K of components and
successively drives unnecessary components to extinction. This property results from
Bayesian inference: a subset of the precision parameters will be driven to an upper bound
which corresponds to a sharp peak at zero for the priors on W, , and row H,, and leads
to an effective extinction of column W,, and row H,,. The effective number of
components is determined by the number parameters [, which are not driven to an
upper bound during the iterations.
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2.3 Complex Non-negative Matrix Factorization

This section presents a mixture model defined in the complex time-frequency domain.
Complex Non-Negative Matrix Factorization model (CMF) [50-52, 80] is a sparse
representation for acoustic signals which offers the advantages of the sparse coding (SC)
[81-83] and non-negative matrix factorization (NMF) [5] concurrently. It can extract the
recurrent patterns of magnitude spectra and the phase estimates of constituent signals, and
can be performed with an efficient iterative algorithm. CMF shares with NMF the ability
to generate non-negative matrices W and H, while the input matrix Y is assumed to be a
complex matrix and the algorithm also generates a third-rank complex-valued tensor as

the following

NG
zk, = et (2.26)

It is assumed that the short-time Fourier transform (STFT) of an audio signal, X, € C

in frequency bin f and time frame ¢, is composed of K complex-valued elements

.k
Xpo = YK j|a¥,| e/t (2.27)

Each a}‘,t is assumed to have a magnitude spectrum which is constant up to the gain
over time:

laf:| = WEHE(V, W =0,V Hf 2 0) (2.28)
and a time-varying phase spectrum

arg(a}‘,t) = ¢’;‘t (2.29)
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The CMF model can be expressed as

. (k)
X = Yo WEHE /%5 (v, WE 20,V HE > 0) (2.30)

where W]’f corresponds to recurring magnitude spectral pattern, H¥ to time-varying

activation coefficients and 4)’;‘ . to time-varying phase spectra and assume
YWfE=1 (k=1,..,K) (2.31)
in order to eliminate an indeterminacy in the scaling between W}‘ and H¥.

The CMF method in [50] can be summarized as follows:
(1) Transform the single channel mixture of two sources: x;(t) = s;(t) + s,(t)
form the time domain to the time-frequency domain using STFT.

(2) Initialize W,H and ¢.

k ik
S WEHT

(3) Update B, =
(4) Stabilize the algorithm by running NMF at the beginning of the iteration, which
. .. jok Yie
can be performed simply by fixing the value of ¢ at e’"/t « 7
fit

(5) The iterative algorithm is summarized as follows:
— — . _ ok
1. Update 8 = {Y,H} by computing ¥f, = WiHF. e’ + B% (Vs — Xpy),
and H¥ = H¥.
2. Update 8 = {W,H, ¢} by computing

k . K wk . ik
ZtHTtRe[V;ft -emf't] ZtﬁTfRe[Yfk.t -e]¢f't]

.k vk
k fit k fit Jjb fit
Hy < 2 , Wi« —25 ,and e/t « A
o St i ap|HK[P 2 re

Bfe B¢ '

k

k : : L
3. Update B, according to the equation B%, = SowrH?

and return to Step 1.
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(6) Obtain the estimation of each source S§; and S, by applying two different
methods

(6.1) Atom selection method
The magnitude of atomic spectrum closest to the true spectrum was selected for
each frame, and the framewise signals, each of which constructed using the
selected atom and the corresponding activation coefficient and phase spectrum,
were concatenated to synthesize the whole signal stream [50].
(6.2) Reconstruction
The reconstruction is calculated by multiplying the row of the spectral components

m(k) with the corresponding column of the mixture weights Ht(k) and

NG
time-varying phrase spectrum e’ %¢ . Then, convert the time-frequency represented

sources back into time domain.

An experimental results of the CMF method showed that reasonably good separation

performance on the single-channel audio source separation can be obtained.

2.4 Nonnegative Tensor Factorization Approach

In this case, the extension of NMF for solving multichannel mixtures has been regarded
by stacking up the spectrograms of each channel into a single matrix [53]. This approach
is considered as nonnegative tensor factorization (NTF), also called nonnegative parallel
factor analysis (PARAFAC), where the channel spectrograms are jointly modeled by a

3-valence tensor [54]. NTF was introduced by Shashua and Hazan in [55] and has
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become a popular technique for data analysis and dimensionality reduction, parts-based
representation of nonnegative data. Algorithms for NTF such as PARAFAC have been
used for audio source separation in [54, 56]. Regardless of the cost function used, in order
to achieve audio source separation, some methods require grouping of the basis functions
according to the sources or instruments. Different grouping methods have been proposed
by Casey [57] and Virtanen [6], but in practice, if the sources overlap in the
time-frequency (TF) domain, it is difficult to obtain the correct clustering. This issue is
discussed in [58]. Clustering of the spatial cues to group the NTF components (CNTF) [56]
was developed for multichannel audio source separation. In most applications, it is crucial
that the “right” model order K is selected. If K is too small, the data does not fit the
model well. Conversely, if K is too large, then overfitting occurs. It is aimed to find an
elegant solution for this dichotomy between data fidelity and overfitting. Choosing the
right model is in particular challenging in the PARAFAC model as the number of
components is specified for each modality separately. This delivers heuristics such as the
Bayesian information criterion (BIC) [59] and Akaike information criterion (AIC) [60].
Both techniques cannot account for additional constraints such as non-negativity.
Furthermore, a Bayesian approach of automatic relevance determination (ARD) was
introduced by Mackay [61] to determine the relevant number of explanatory variables in
the context of regression. This technique was used in [62 - 64] based on NMF model and
multi-way models as in [65]. The spectral dictionary obtained via NMF-ARD [66]
methods is not adequate to capture the temporal dependency of the frequency patterns

within the audio signal. In addition, the NMF-ARD does not model musical notes but

26



CHAPTER 2

rather unique events only. Thus, if two notes are always played simultaneously they will
be modeled as one component. Also, some components might not correspond to notes but
rather to the model, e.g., background noise.

Nonnegative tensor factorization (NTF) has been proven to be a very useful tool in a
variety of signal processing fields. Recently, NTF methods have successfully been
exploited for data mining, dimensionality reduction, pattern recognition, object detection,
gene clustering, sparse nonnegative representation and coding, and blind source

separation (BSS) [67-75].

Given a data tensor Y € RYF*T and the positive index K, the goal is to find
three-component matrices, also called loading matrices, Q = [qy, ..., qx] € REX,
W = [wy, .., wg] € RUK and H = [hy, ..., hx] € RTE which performs the following
approximate factorization. V is the I X F X T, tensor with coefficient V;(f,ts) =
IY;(f,t)|? and V is estimated IxF XxT, tensor with coefficient
Vi(f,ts) = Zleqikwfkhkts. The NTF under PARAFAC structure can be formulated in

the element-wise form as follows

Yirt, = L=t QixcWrichex + €ife, (2.32)

A PARAFAC model is given by the matrices of Q, W, and H with elements q;,, wg
and h;, respectively. The trilinear model is found to minimize the sum of squares of
the residuals, e;r,  in the model. Figure 2.3 illustrates the principle of the PARAFAC

model.
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4 Ak
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B I (R
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Figure 2.3: A graphical representation the principle of the decomposition of a 3-way data cube
according to the PARAFAC model.

2.5 Summary

The state-of the art blind source separation method have been explained in this chapter.
Generally speaking, more sparseness of the constructing components yields the better
approximation. The NMF method is a flexible approach which can be developed as a new
cost function, sparsity updating, and a new factorization for quantity analyzing of data to
render better separation performance. Solving the BSS problem by using NMF approach
has drawn huge interest from researchers in last two decades. However, the qualities of

the reconstructed sources are not enough to launch the NMF solution in a real application.
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CHAPTER 3

MAP-BASED REGULARIZED NONNEGATIVE TENSOR

FACTORIZATION FOR MULTICHANNEL SOURCE SEPARATION

In this chapter, a novel approach to Bayesian regularized cluster nonnegative tensor
factorization under a PARAFAC structure is presented. The proposed tensor factorization
is developed under the framework of maximum a posteriori probability and is adaptively
fine-tuned using the hierarchical Bayesian approach. The method enables: 1) a
generalized criterion for variable sparseness to be imposed onto each element of the
temporal code; and 2) modified multivariate rectified Gaussian prior information to be
explicitly incorporated into the basis features. Underlying all factorization algorithms is
the principal difficulty in estimating the adequate number of latent components for each
source. This method takes the advantage of the combination of the automatic detection of
the optimal K, through both the pruning technique and the prior information on W to
estimate the signature parameter of the original sources. This chapter addresses this
important issue by using a framework of model selection for pruning unnecessary
components and a novel Bayesian regularized cluster nonnegative tensor factorization
under a PARAFAC structure with Itakura-Saito divergence. The experiments were
designed to demonstrate on underdetermined linear instantaneous stereo mixtures of

musical sources. The proposed method gives an average performance improvement of at
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least twice better than the state-of-art Itakura-Saito Nonnegative Tensor Factorization
(IS-NTF) and Itakura-Saito with Cluster Nonnegative Tensor Factorization (IS-cNTF)

methods, respectively.

The chapter is organized as follows: Section 3.1 introduces the background of NTF
with IS Divergence. Section 3.2 describes the generative model of the proposed method,
and the formulation of the NTF algorithm. Experimental results with a series of
performance comparison with other NTF techniques are presented in Section 3.3. Finally,

Section 3.4 concludes the chapter.

3.1 Background

3.1.1 NTF with Itakura-Saito Divergence

A statistical IS-NTF model of the observation y;(t) can be expressed as

yi(t) = Xkoq MigeCrie (1) (3.1)

where m;;, is defined as m;, = a;; if and only if k € K;. The a;; corresponds to
mixing coefficient, { a;4} in a I X d;,q MiXing matrix. The components ¢, (t) will be
characterized by a spectral shape w, and a vector of activation coefficient h;, through a

statistical model and

Cr(f 1 ) ~Ne (0l wprchyee,) (3.2)

where V. (-) denotes the proper complex Gaussian distribution and wgyhy, is the
variance.
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The factorization [15] is usually achieved through the minimization problem

minimizeqwu D(VIQWH) = D(V|V) = ¥, d(vse,|Dfe,) subjectto Q W,H2>0

(3.3)

where d(x|y) is a scalar cost function.
In this section, the term d,;s(x|y) is exploited to be the IS divergence which is defined

as [19]

= *_ X _
dis(xly) = y logy 1 (3.4)
Thus, log-likelihood of the factor W, H and Q can be written as

~log p(YIW,H,Q) = D;s(IY|*|QWH)

= Dife, dis (Vi (f, t) Vi (f, ts))

— . Vi(frts) _ Vi(f:ts) _
N Zlfts Vi(f:ts) log vi(f!ts) 1 (35)

: o . 2 . :
where |Y|? is the matrix with entries | yift| and “=" denotes equality up to constant.

3.2 Proposed APBNTF Method

3.2.1 Generative Model

Under the linear instantaneous mixing and the point-sources assumption, the
multichannel audio mixtures y;(t) can be generated by several unknown sources x,;(t)

such that
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yi(t) = ZZZTX AjgXrq(t) (3.6)

where i =1,...,I denotes the channel number, d =1, ...,d,,4, denotes the source
number, t =1,2,...,T denotes time index, and r =1,...,R are assumed to share a
certain “resemblance”, as modelled by being two different realizations of the same random
process, characterizing their time-frequency behavior, as opposed to be the same
realization. In this work, the source can be further modeled as a sum of elementary

components themselves, so that

Xrq(t) = Ykek, Cric(t) (3.7)

where K, represents the number of latent components associated with the d®* source, d =

1, ..., dpmax Where d,, ., isthe maximum number of sources and [Ky, ..., K4 ] denotesa

max

nontrivial partition of [1, ..., K]. Thus, the observation y;(t) can be expressed as

yi() = Xkoq Mg Cry (1) (3.8)

where my, is defined as m;;, = a;4 ifand only if k € K;. The TF representation of the

mixture in (3.8) is given by

Yi(f, ts) = L1 Mk Crie(f t5) (3.9)

where Y;(f,t;) and C,..(f,ts) denote the TF components which are obtained by
applying the linearity of short time Fourier transform (STFT) to the mixture. The time
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slots are given by t,=1,2,...,T; while frequencies by f =1,2,...,F. Since each
component is a function of t; and f, the 3-valence tensor of mixture STFT Y; =
[Y;(f, ts)]{;l{,zz’j:’_,l;s, of size I X F x T, is modeled as a sum of K; complex-valued latent
tensor components C,, = [Cr (f, ts)]{S ==11“22“':f;s. In this case, the power spectrograms |Y;|?

are approximated by a linear combination of nonnegative spectrograms |C,(f,ts)|? =

Wi hye, such that

|Yl(f’ ts)l2 = Il§=1|mik|2|Crk(f' ts)lz

= Y1 Qe Cr (F t)

= YRoq QiWrrchie, (3.10)

where g, = |my|?. Denoting the non-negative matrices W = {wy,}, H = {hy, } and
Q = {q;}, the problem to solve is to separate the sources x,4(t) given by |Y;(f,ts)|? in

(3.10).

/

1

Figure 3.1: Illustration of the proposed method by using PARAFAC model for two channels
(i = 2) source separation.
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Figure 3.1 show the proposed method based on PARAFAC model for two channels
source separation. The proposed method focuses on the estimate the three parameters Q,
W and H from two sub-tensors Y; and Y,.

The proposed method focuses on the estimation of unknown parameters Q, W and H of
each sources. The estimates of Q, W and H are used to reconstruct the original sources

which are presented in Section 3.2.2.

3.2.2 Formulation of the Proposed Algorithm

In order to formulate the proposed algorithm, the parameters are firstly defined: V is the
I X F x T, tensor with coefficientsV;(f,t) = |Y;(f,ts)|?, V is estimated the I X F x T
tensor with coefficients V;(f, ts) = YXk-1 quewskhie, » P = {laial?} is the I X dpgy
mixing matrix, L = {lz;} is the d.c X K “labelling matrix” with only one nonzero

value per column, i.e., such that

(Lifkek,
Lai = {0, otherwise (3.11)

and nonnegative vector A = {Akts}. The term Q can be expressed as follows:

Q=PL= {laidlzldk} (3.12)

Thus, a prior distribution p(W, H) is chosen over the factors {W, H}. It shows a that

the following optimization problem needs to be solved

minQ,W,H CMAP (W, H) = —lOg p(w’ HlY, )\-’ Q) (313)
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The posterior can be found by using Bayes’ theorem as

p(YIW,H,Q p(WH|1)

p(W,HIY,2,Q) =

(3.14)

where the denominator is a constant and therefore, the log-posterior can be expressed as

logp(W,H|Y,A,Q) = log p(Y|W,H,Q) + log p(W,H|A) + const (3.15)
Thus, log-likelihood of the factor W, H and Q can be written as

—logp(YIW,H,Q) = Xre, dis(Vi(f, t)IVi(f, t5))

— 5. Vi(f.ts) _ Vi(f.ts) _
- Zlfts 7i(f.ts) log Vi(f’ts) 1 (316)

The second term on the right hand side of (3.15) consists of the prior distribution of W
and H where it is assumed that they are jointly independent. In our proposed model, the
prior over W is assumed to be distributed as N,,(W|0,Z,,) i.e. zero-mean modified
multivariate Gaussian with covariance matrix Xy, which will be developed. Since W is
nonnegative, it is natural to assume that it satisfies the multivariate rectified Gaussian
unlike other research which use the exponential distribution or the normal Gaussian
distribution. However, the exponential distribution gives poorer sparseness than the
Gaussian distribution. For a likelihood method based on Gaussian distribution, this is a
simple Bayesian criterion for NMF. The Gaussian distribution causes the NMF many
locally optimal solutions. Furthermore, it does not fit with the multiplicative NMF

algorithm. On the other hand, the rectified Gaussian, where priors are conjugated to the
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Gaussian likelihood, provides more flexible shapes of prior distribution. This benefits the
distribution model to better suit the signals. Therefore, we propose the multivariate

rectified Gaussian defined as

(-1/2FK)

p(W) = ‘P(—diag_l(Ew)uw)S(WH(\/Ele|2) exp <_ % (w— uW)Tzavl(W - uw)) U(w)

(3.17)

+oo, w=20
0, w#0’
oow=<o0
1,w>0’

where w = vec(W) = [wl: wl:i..:wk]T, s(w) = { ‘T’ denotes matrix

transpose, vec(-) represents the column vectorization, U(w) = { and @(e)
denotes the multivariate Gaussian cumulative distribution function. Considering the zero
mean of the rectified Gaussian distribution (i.e. set uy,, = 0) on the latent variable would

better suit most of the real world data and can enable the induction of sparse positive

factors, the expression (3.17) results in

p(W) = 0.56(w) + (\/E|EW|2)(—1/2FK)

exp (—%(w — )T Zat(w — uW)> (3.18)

In applications, W represents the basis vectors that span the domain of the input
matrix V;. Although the exact values of W are case specific, one is almost warranted
that in most cases the probability of having zero-valued basis vectors i.e. p(W = 0) is

very rare. Thus, the above takes the form of

_1Ty-1
p(W)oc{e"p( e ZWW) xig (3.19)

)
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21,1 Zl,K
where X, =] ¢ ™ : is the covariance matrix of w = vec(W) and
21’1 e ZK,K

Xy =E [wkij] is the cross-correlation matrix between the basis vectors wy, and w;,
“E[-]” denotes the statistical expectation operator. The covariance matrix Xy, can be

partitioned as

[Z11 00 0 11 0x,- 21k |
| 0 22_20 - 0 | |22,1 0 z'2,3 : |
Tw=|: 0~ ™ i iE, ™ co (3.20)
| o : -~ -0 [l : " - EK—lKl
| o 00 ZK,KJ l2K1 Zxk-1 0 |
Zdiag Zors

In the above, 0 isa K X K matrix with zero elements. The inverse covariance matrix

can be approximated as

2-“W = (Zdlag off) !

1) 1) —1w)
~ 2-"diag - Edlag EOffEdlag
'leag 'Qoff (3.21)

—1(W)

where Edlla(;/) is the inverse covariance matrix of X¥,, ., 2., =244, and
205 = Zdllcgv)zoff d;(;l/) The (k,j)t™" sub-matrix of 27/ is given by
-1(w -1(w
Qri=ZolEwz (3.22)

It can be shown that when the elements within the same basis vector are uncorrelated,

the above matrices simplify to X, = 671, X}, = /I and X}/; = ¢, ;I where of is
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the variance of the basis vector wy and c, ; is the cross-covariance between w; and

w;. Thus, 2%, . can be simplified to
j of fk.j

where
Ykj Ck,j

Using the above, (3.19) can be cast into two terms:

1 1
—logp(W) = EwTﬂ%agw - EWT.QZ‘}]:W
1
=y - EWT.QZ‘}]CW (3.25)

The first term y = %wTﬂﬂ’mgw relates only to the power of w while the second
term %WT.QZI;fW=%Zk’j'(kij)ﬂkngwl- measures the sum of weighted correlation
between wy and w; for all k, j, (k # j). Hence, the interesting information is actually
contained in the second term which represents the prior information of the basis vectors.
By including this term, the underlying correlation between the different basis vectors can
be incorporated into the matrix factorization to yield results that reflect on this prior
information. Therefore, with the factorial model in (3.25) the desired constraint assumes

the following form:

. 1
fW) = —log p(W) = — =X =) T CATS (3.26)
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In this section, the probabilistic framework is used for the purpose of developing a
platform to incorporate the statistical correlation between w), and w; into the matrix
factorization as part of the regularization. In feature extraction, such constraint is required
in order to fully extract the basis especially in the situation where the patterns contain
overlapping features. Despite of the proposed prior model for W stems from the
modified Gaussian distribution, it is a combination of constrained and unconstrained
parameterization of the inverse covariance matrix.

In order to turn off excess components thereby optimizing for K, the component-wise

exponential distribution prior is imposed on H, namely,

p(H|A) = [Ik Hts Aktsexp (_Aktshkts) (3.27)

Following (3.27), the negative log prior on H is defined as

f(H) = —logp(H|d) = — X Zts{l()g Akty — Aktshkts}

= =Yk 2t l0g Age, + Xk Xt Akt Pke, (3.28)

By substituting (3.16), (3.19) and (3.27) into (3.14), the negative log posterior of W

and H is given by the following:

—logp(W,H|Y,A4,Q) = —logp(YIW,H,Q) — log p(W) — log p(H|2) (3.29)

From (3.16), (3.26) and (3.28), the above can be written as
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L =Y e, dis(Vi(f, tDIVi(f, t)) + fF(W) + f(H)

Vilfits Vi(fits
= S, AU g Vit

ZTED gVi(f,ts) Zk](k:#]) Mk]WkW Xk Zts log Akt + Xk Zts Aktshkts

(3.30)

The sparsity term X, ¢ Age e, forms the Li-norm regularization to resolve the
permutation ambiguity by forcing all structure in H onto W Therefore, the sparseness of

the solution in (3.30) is highly dependent on the regularization parameter A;_.

3.2.2.1 Estimation of the mixing, basis and code

In this section, the estimations of W, H and P = {|a;;|?} are presented. The

derivative of (3.30) with respect to W of the proposed model is given by:

Vi(f,ts) (f.ts) 1 T
0L _ 6_<Zlfts Tr ts) lo og é(f t:) - EZk,j,(kij) ukjwkwj>
oWk oWk — 2k 2t 10g Akeg + D Xt Akee e

—_y 0 Vi(f'ts))_ 0 (Vi<f'ts)) iy ows——wT
= Qiife, oW (ﬁ(f,ts) oW log V(f ts) ZZR’]’(kin HiciWj owrk Wi

1 . _ ~
— Zlfts Vi(f, t.) AW (fits)™t  a(logVi(fits)—log Vi(f.ts))

1
— — . .W .
Y oWrk szik.“k] i

— Z Vi(fits) 0 V.(f ts) + 0 log Vi (f.ts)

1
P 0,(ft)? owpk owry _Ezjik HiejWrj

__y Vi(fits) 0 Xk QikhkesWrk 1 0V(fits)

s 7,(f t5)? Owrg N(fits) owpg - Ezjik HiejWrj

_ (fits) 1 0 XkqikhreWrk 1
- ths qlk ktg V,&f t )2 V\l(f‘ts) . - EZ]ik nl'lk]Wf]

Owrg

— Vi(f.ts) 1 1
= ths qixh Kts G (F o) + Xk Qikhktsm—gz:thk U jWrj

1 Vihts) ]

1
T(ft)?  W(fits2l Ezfik HicjWr j

= Zits Qikhkts [

-~ 1
= Yit, Qirchiee dis (Vi (F, t) IV (f £5)) — 5 L jek HicjWr; (3.31)

Similarly, the derivative of (3.30) with respect to H is given by
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Vi(fits) Vi(fits) 1 T
on _ o (Zl“s A " 09T LT 3 Rk ”kjWRWj>
Oluts 0Tt — Dk ntg 10g Agey + Xk Xty e e

0 (Vi) _ o Vift)) L 0
= 2its T, (vl(f ts)) iy 109 (ﬁ(f.ts)) T ey 2k 2t At e

0 (Vz(f ts))_ _ 0log(Vi(fits)—log Vi(fts))
= Yire, Vi(f, ts) 2 e + Akt

— 2 Vi(fits) 0 ‘Z(f'ts) + 0 log ‘Z(f’ts)
P ,(ft5)? 0 hpeg 0 hie,

+ Ak,

—_y. Vi(f.ts) @ Tk QikchkesWrk 1 oW(fits)
STt 0k T its) 0 g fets

Vi(fts) 1 0 XkQikhkesWrk
= - kWrk S —
Zicof AikWric T(ft)? | B(fits) O hpeg

+ Ak,

B Vi(Fts) 1
= — Xt.f DiWrk ﬂl(f—tss)z + Xk ik Wrk ot Akt

_ _ 1 Vilhts)
= Ler QieWr [ﬁ(f.ts)z 171(f.ts)2] T Aie,

= Zit, QWi dis (Vi D0, £)) + A, (3.32)

The derivative of (3.30) with respect to P = {|a;4|?} is given by

a_ — p Vl(f'ts)
Pia  0Dia — Yk e log Ay + X e ke hices

- B (59) Lt (4222

s opig \N(f1ts))  0pia T(f ts)

l(f ts) Vi(fjts) 1
oL _L(Zlfts o) - log 575 — 1 =S Xk j k=) ﬂkjWITC'Wj>

O (fits)™t 2 UogVi(fits)=log Vi(f.ts))
ZlftSV(f ts) 0Dig dDiq

— Z Vi(fits) 0 V.(f ts) + 0 log ‘Z(frts)

U0 (ft)2 opia ODia
—_y Vi(f.ts) © Tk QikchiesWrk 1 oW(fits)
s 0 ts)? 0Did V(fts) 0Pid
—_y. Vi(f.ts) 0 Yk PidlakhkesWrk 1 0 XkQikhkesWrk
s U1 )2 0pid V.(fts)  Opia
=-Y, Vi(fits) ZklakhktsWrrODid 1 0 XkPialaklktsWrk
s U1 )2 0pid 7,(f ts) 0Pid

_ Vi(f.ts)
= — Xk lak Zf,ts Wfkhkts (ot 5)2 + Yk lak Zf ts Wfkhkts V(f t)

1 _ Vi(f'ts)
N(fts)?  Vi(fts)?

= Yk la Zf,ts Wfkhkts [

= Yk lak X, Wfkhktsd}s(Vi ABINAE ts)) (3.33)
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From (3.31), (3.32) and (3.33), these then obtain
Vwre = Zits Qichie, disVi(F, t DIV (f, £5)) — %Zjik HicjWr
Vhie, = Lif Qixwredis(Vi(f eIV (f, t5)) + Age, (3.34)
Vpiy = i lax Xf.e Wrhie, dis(Vi(f, t) Vi (f, t5))

The term G is defined as [IXFXxT, tensor with entries

Gife, = dis(Vi(f, t) Vi (f, t5)), namely

> _ 1 vi(hty)
i ’tS))_?i(f,ts) Vi(f ts)? (3.35)

dis (Vi(f. ts)

Generally, the multiplicative algorithms is importantly for updating 6. Each parameter
6 is estimated by multiplying its value at previous iteration by the ratio of the negative

and positive part of the derivative criterion with respect to this parameter as,

[P (V|V)]_

RN (3.36)

where
7D (V|V) = [7,D(V|V)], ~ [7oD(V|P)]_ (337)

and the terms in the right hand side of (3.37) are both positive [59]. Here, the term G_
follows the multiplicative update (MU) rule that denotes the negative part of the

derivative of the criterion e.g. G_ = [d;s (Vi(f,ts)

%% Vi(f.ts)
Vi(fl ts))]_ = Vi(f,tss)z and G+

denotes its positive part of the derivative of the

5 1
Vi(f’tS))L_Vi(f,ts) . The term QoH denotes

criterion, G, = [d}s (Vi(f, ts)

42



CHAPTER 3

I X Ty X K tensor with elements qikh};ts. Similarly, Q e W denotes/ X F x K tensor

with elements q;wys, and W o H denotes F X T X K tensor with elements Wfkhﬁts.

Notice that (A, B),x, denotes the contracted product between tensors A with size
I X ..X Iy XJ; X ..XJy and B with size I; X ..X Ij; XK; X ..X Kp and kz and
kg are the sets of mode indices over which the summation take place. The contracted

product (A, B)g a1, IS atensor of size J; X ... x Jy X K; X ... X Kp given by

— — I Iy — —
<A, B){l,...,M},{l,...,M} = 2&:1 o le\l:l ail,...,iM,jl,...,jNbil,...,iM,kl,...,kp (338)

The contracted tensor product is a form of a generalized dot product of two tensors
along common modes of same dimensions. For example, in this chapter the contracted
tensor product along the mode {1,3} of a tensor G € R/*F*Ts and the mode {1,2} of a

tensor Q e H € R™s*X returns a tensor (G, Q o H); 331 2) € R™*¥ as in Figure 3.2.

- X
(G,Q o H) G

FxK I X FxT, IXT,xK

Figure 3.2: llustration of mode 2 multiplications for the case of 3" order tensor G and Qo H
results in a 2-way tensor (a matrix) (G, Q o H).

Using (3.30), (3.32), (3.33) and (3.38) the MU rule for P is obtained as

(G_WeH) (3 33 (1 LT

Py Peo
td (G4, WoH)(5 3311 LT

sk Gt (WeH) pegicLly
[ ]
d Yesk Gifeg (WoH) £ i LT,

=P, (3.39)
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Similarly, the MU rule for H is

L (6-QWay00)
(64,.Q°W(1 23 (1,2 +A1T

Htsk <« H

. YfrGoipe (QW)igk
k Xfk G+iftS(Q°W)ifk+/1tsk1£k

and W is updated by using

o {G-QH)p1 53012
(64+,.QoH) (1,3} (1,2 +WET

wfk<_ W

. Yik G—fr (QoH)irgk
Lik G+ e (QoH) i 1+ Wi Eh

= Wy (3.41)

where ‘e’ is element-wise product and ET isa K x K matrix whose (k, /)" element is

given by u,; except its diagonal elements being zeros.

3.2.2.2 Estimation of the adaptive sparsity parameter
The update of 4, follows by solving MO—L = 0, this gives
kts

oL 1

= h
a/lkts A kts

1

Akt = (3.42)

Rt

Note that the sparsity term Y., Y.x Ax. hye, forms the sparse NTF objectives while the

normalization term Y, Y, log Ay, is given to learn the degree of regularization from
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data, i.e. tune the pruning parameter, A, . The concept introduced in [63] based on the
assumption that the factorization in (3.10) has been used for an approximation error of

{=12§=1ZZ~:=1|YL-(f, ts)|?/IFT;. The pruning will turn off excess components thereby
optimizing K; by following component-wise exponential prior on H and the model
parameters based on the MAP estimation. As a result of inference in (3.30), a subset of the
Axe, Will be driven to a large upper bound, with the corresponding columns of W and rows
of H driven to small values. The effective dimensionality can be deduced from the
distribution of the A, such that, it has been found in practice, two clusters clearly emerge:
A group of values in same order of magnitude corresponding to relevant components on
columns of W and rows of H, and a group of similar values of much higher magnitude
corresponding to irrelevant components. Furthermore, for components which had become

zero or close to zero, the term 4, is set equal to ?1 where € =107°. Thus the pruning

parameter can be determined by the following:

S B B2
IFTg

A 2 %ijzllm > 10° - \/ (3.43)

Eq. (3.43) is a threshold defining which k" row of H (equivalently k" column of
W) is to be removed. This allows us to estimate the effective number of component. If the
prior assumptions are slightly violated or even if the likelihood function differs from the
model assumption, the correct factorization rank can be determined by either evaluating

the above bound by the pruning parameter.
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3.2.2.3 Estimation of sound sources

For every algorithm of the proposed method, given the estimates of W, H and P
that yield the smallest cost value, the reconstruction is executed in the time domain
component by using the Wiener filtering [56]. The Short Time Fourier Transform (STFT)

estimate ofa C,,(f,t;) of the component k in channel i is reconstructed through

Crk (f» ts) = E{Crk (fr ts)lpr W' H: Y}

qikW ke Y
= —_—_— Y. t
T QW rhkeg l(f' S)

qikW Nkt
sty B4t

where V;(f,t;) = Z’,ﬁzlqikwfkhkts. The decomposition is conservative in the sense that

it satisfies

yi(ts) = Zlk<=1 Crie(ts) (3-45)

The estimated sources are reconstructed by using inverse-STFT of C,.(f,t;) forall r

and k leads to a set of time-domain components {¢,(t), ..., ¢x(t)}, with

Eri(t)
Cr(t) = : (3.46)
Cri(t)
and sources estimates can be obtained as
Xra(t) = Yek, Cri(t) (3.47)
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The proposed algorithm is summarized in Table 3.1.

Table 3.1: Overview proposed algorithm of APBNTF.

1)
2)

3)

Initialize W, H and P with nonnegative random values.

Define Q = PL.

Compute Y;(f,ts) using STFT on the audio mixture, from power spectrogram

Vi(f.ts) = 1Y;(f, ts)I?,  and compute V;(f,ts) = Yoy quxWrichie,-

4) Compute G, and G_ according to (3.35). Update model parameters P,W and H
as follows:
Stk G- o (WoH) prreLiy
P. P., o2t ifts S
@ i G (WoH) e LTy
Zik G-ife (QoM)irgk
Wy « Wy o r
k< Wrk Zik G ipeg (QoM)iek+W peEpy
Erie G- it (QWigi
H, ) < Hyy o y
tsk < tsk kaG+iftS(Q°w)ifk+ltSk1£k
5) Update A= -, Ay = ls%l 1
H Ts
6) Prune the irrelevant components of W and H using the criteria

7)

8)

I F Ts 2
=, 1T o [Ziz1Zp=1 X lYi(f i)
A = T to=1 Akes > 10 \/ IFSTS :

Repeat steps 3 to 6 until it converges or reaches the predefine number of iteration.

Reconstruct components and sources using
%0 = ) En(®
kEK 4

A 1A A i Ritg
where ¢ (t) = STFT"H{Cpie(f, t:)} and Cre(f, ) = HLES Y (f 1),
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3.3 Results and Analysis

3.3.1 Toy Examples

In this section, the proposed APBNTF method will be tested in their ability to extract
the basis and code from a simulated mixed data. The simulated data is generated to have a
high degree of pattern overlap. To investigate the effects of the pruning technique and
prior on W, u,; on the performance of feature extraction, the following three

experiments have been developed.
1) Without pruning and without prior on W, i.e., p; =0.
2) With pruning and without prior on W.

3) With pruning and with prior on W, y,; = 0.50.

Figure 3.3 shows the real basis (i.e., vertical panels) and code (i.e., horizontal panels) of
the simulated mixed pattern. The basis W consists of one circle and one cross features.
These features are convolved with the code H given at the top panels to yield the data

matrix Y which is a mixture of both patterns.

H1

H2

D1 D2

Figure 3.3: Real basis and code of the simulated mixed data.
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H1

H2

T ileL @

Figure 3.4: Estimated results based on the proposed method without pruning and without prior on
Ww.

H1

H2

D1 D2

Figure 3.5: Estimated results based on the proposed method with pruning and without prior on W.

H1

H2

D1 D2

0 X e X

Figure 3.6: Estimated results based on adaptive sparsity factorization and with prior on W, i.e.,

.= 0.50.
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Figures 3.3 — 3.6 show the matrix factorization results corresponding to each of the
above experiments. It is seen that the proposed method without pruning and without prior
on W has failed to identify the correct basis and code. The major reason stems from the
high degree of pattern overlap between the circle and the cross features in the mixed
dataset. Since the sparseness is uncontrolled, the larger parts of the pattern overlap will
cause more errors in estimating the basis while the code tends to be more ambiguous.
This decreases the possibility of correct assignment of the basis to each feature, and
subsequently results in poorer extraction and reconstruction performance as shown in
Figures 3.4 and 3.5. For example, one could see the extracted codes (i.e., upper panels of
Figure 3.4) are almost identical and thereby cause parts of the circle and the cross features
missing from the figure. On the other hand, Figure 3.5 shows a better extraction result by
using only the pruning (without prior on W), while Figure 3.6 shows the best result when
both regularizations (i.e., pruning and modified Gaussian prior) are used. However, if
only the pruning is adopted, this may yield a sub-optimal performance, which is evident
from Figure 3.5, where the cross feature has not been fully extracted. Nonetheless, the
performance of feature extraction also depends on the correlation between the real bases
of the mixed pattern. Visual inspection of Figure 3.3 shows that the real basis shares some
degree of commonality and therefore induces correlation. Thanks to the modified
Gaussian prior, this correlation is explicitly modeled by p,; in the proposed method.
This enables the estimated basis vectors W; and W, to take advantage of the correlation
in learning the real basis directly from the mixed pattern. This explains the reason as to

why Figure 3.6 shows better performance than Figure 3.5. Therefore, the analysis results
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have unanimously indicated the importance of selecting the correct sparseness Ay, for
each element code and of incorporating the correlation u,; between the different basis
vectors in order to arrive at the optimal performance of feature extraction. In the next
section, the proposed method will be further tested on real application of multi-channel
BSS. A series of performance comparison with other matrix factorization methods will

also be presented.

3.3.2 Real Application

The performance of proposed method is demonstrated by separating music sources.
Several experimental simulations under different conditions have been designed to
investigate the efficacy of the proposed method. All experiments are conducted using a PC
with Intel® Core™ i5 CPU 650 at 3.2 GHz and 4 GB RAM. MATLAB is used as the
programming platform. The TF representation is computed by using the STFT of
1024-point Hanning window with 50% overlap. the proposed method has been evaluated
and compared with IS-cNTF and IS-NTF method [56] where 3 linear instantaneous stereo
mixtures of 3 sources taken from the Signal Separation Evaluation Campaign (SISEC 2010)
“Underdetermined speech and music mixtures” task development dataset [76]. Three types
of mixture have been considered and are described as: 1) wdrums, a linear instantaneous
stereo mixture (with positive mixing coefficients) of 2 drum sources and 1 bass line. 2)
nodrums, a linear instantaneous stereo mixture (with positive mixing coefficients) of 1
rhythmic acoustic guitar, 1 electric lead guitar and 1 bass line. Both datasets correspond to
the test data for the 2007 Stereo Audio Source Separation Evaluation Campaign
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(SASSEC’07) [77]. It also coincides with development dataset dev2 of SiSEC’08
“underdetermined speech and music mixtures” task. All mixtures are 10 seconds-long and
sampled at 16 kHz. The instantaneous mixing is characterized by static positive gains. The
STFT has been applied with sine bell of length 64 ms (1024 samples) leadingto F = 513. 3)
Shannonsongs Sunrise, a linear instantaneous stereo mixture of d,,,, =3 musical
sources (drums, lead vocals and piano) created using 17 seconds-excerpts of original
separated tracks from the song “Sunrise” by S. Hurley, available under a Creative
Commons License at [78] and downsampled to 16 kHz. The mixing parameters
(instantaneous mixing matrix) were taken from the 2008 Signal Separation Evaluation
Campaign (SiSEC’08) “underdetermined speech and music mixtures” task development

datasets [77].

All experiments have used the linear instantaneous stereo mixture of wdrums,
nodrums and Shannonsongs Sunrise datasets and set the number of components per each
source to K; = 20 with d,,,, = 3 sources. An initial NTF decomposition is computed
from the power spectrograms using the Kullback-Leibler (KL) divergence [19]. The
number of iterations was set to 50 for initialization parameters, and 400 for updating the
parameters. The separation performance has been evaluated in terms of the
Signal-to-Distortion Ratio (SDR) which is a global measure unifying the
Source-to-Interference Ratio (SIR) and the Sources-to-Artifacts Ratio (SAR) criteria

expressed in decibels (dB), defined as

2 2 z
SDR = <|”St‘"¢t”2) ,SIR = (M> and SAR = <M> (348)

|einterf+eartif” ”‘-’interf”2 ”eartif”Z
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where s.qrgee 1S the actual source estimate, e;nq..r represent the interference from other
sources and eg,;r Is the artifacts of the separation algorithm. MATLAB routines for

computing these criteria are obtained from the SiSEC’08 webpage [77, 79].

3.3.3 Effects on audio mixtures separation with/without pruning

In this section, the performance of the proposed method has been investigated with and
without the pruning technique and with and without the prior information on the basis W
for separating audio mixtures. It is hypothesized that with the pruning, the audio source
separation will be significantly enhanced. Figures 3.7 (a)-(c) show the performance of the
proposed algorithm with 1) pruning, 2) without pruning and 3) without pruning + without
prior on W (e.g., ux; = 0) for wdrums, nodrums and Shannonsongs Sunrise datasets

respectively, under various py; parameters.

Ykj
O'kO'j

Using uy; = leads to very close between the optimal performances and that
estimated using above. This is verified by Figure 3.7. As the basis W also depended on
whether pruning is activated or not, the estimate of the optimal prior on W (which
inherently depends on the basis) will likewise change depending on whether pruning is
activated or not.

The wdrums, nodrums and Shannonsongs Sunrise datasets have been used for the above

cases.
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Figure 3.7: Separation results of the proposed method with pruning, without pruning and without
pruning + without prior on W e.g., u,; = 0: (a) wdrums mixture, (b) nodrums mixtures, (c)
Shannonsongs Sunrise mixtures.
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Figures 3.7(a)-(c) illustrates that with the pruning yields better separation performance
than without the pruning for all mixtures across all w,;. The reason is that in the case of
without the pruning, the term K, is constant at 20 which may be either too small or too
large for each source. The constant K,; leads to the accumulation of unsuitable dictionary of
the source which resulted in poor re-constructed source. In the case of with the pruning, the
number of K, is approximately determined for each source. The proper K, corresponding
to each source will avoid under- or over-fit. If setting K; too low, K, is selected to be
under-fit. This means that the model is too simplistic and the data does not fit the model well.
In this case, it can result in a factorization where multiple basis from different sources are
approximated by a single factor, which in turn leads to incorrect separation. Conversely, if
K, too large, over-fit occurs when the model has too many parameters relative to the
number of the mixtures which will causes excessive computational complexity. In this case,
if any of the input points are varied slightly, it could result in an extremely different model
and this can cause problems at the grouping stage. Hence, the over-fit model will generally
have poorer predictive performance.

The separation results in terms of the SDR are given in Figures 3.7(a)-(c). According
to the figures, the proposed method with pruning tends to yield the best overall
performance, where the average improvement over the without pruning in three cases can
be summarized as follows: 1) for wdrums mixture, the average SDR improvement is 0.89
dB per source; 2) for nodrums mixture, the average SDR improvement is 1.49dB per
source; and 3) for mixtures of music and vocal (Shannonsongs Sunrise), the improvement

is 1.28dB per source. The results have also clearly indicated that there are certain values
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of p; where the algorithm performs the best. In the case of wdrums mixture, the best
performance is obtained when u,; ranges from 0.41 to 0.93 (within 5% from highest
SDR) with the highest SDR of 13.25dB. As for nodrums mixture, the best performance is
obtained when u,; ranges from 0.52 to 0.87 with the highest SDR of 10.94dB and in the
case of music and vocal mixture, the best performance is obtained when u,; ranges from
0.04 to 0.42 with the highest SDR of 9.85dB. Of the above findings, we can conclude that
for music mixtures, the best performance is obtained when p; ranges from 0.41 to 0.93
and in the case of music and vocal mixture, the best performance is obtained when py;
ranges from 0.04 to 0.42. On the contrary, it is noted that when u,; is set either too low
or high, the separation performance tends to degrade. It is also worth pointing out that the
separation results are rather coarse when the factorization is nonregularized (i.e., without
prior on W) and without pruning. Here, the average SDR of the proposed method without
prior on W and without pruning is the lowest among the three methods across uy; > 0.
As evidence, Figure 3.7 shows the SDR of the without prior on W and without pruning
method as for wdrums mixture: 11.73dB per source, for nodrums: 4.95dB per source, and
for Shannonsongs Sunrise: 6.78dB per source. It can be summarized that the average
improvement of the proposed method (with prior on W and with pruning) against the
case of without pruning and without prior on W: 1) For wdrums mixture, the
improvement per source in terms of the SDR is 1.88dB. 2) For nodrums mixture, the
improvement per source in terms of the SDR is 5.27dB. 3) For Shannonsongs Sunrise
mixture, the improvement per source in terms of the SDR is 2.72dB.

Figure 3.8 shows the original hi-hat, drum and bass music and its separation results.
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The mean square errors (MSE) between the original and estimated sub-sources are 0.04,
0.81 and 0.01 for hi-hat, drum and bass music, respectively. On dataset wdrums, the
highest separation result in terms of SDR is obtained with the proposed method. The
average SDR are 12.79dB, 10.04dB and 9.92dB for wdrums, nodrums and Shannonsongs
Sunrise, respectively. Additionally, it is found that hi-hat and bass give high separation

performance with SDR of 14.33dB and 20.01dB, respectively.
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Figure 3.8: Original sources and the estimated sources from left microphone using the proposed
method with g ; = 0.50.
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Figure 3.9: Time-domain representation of (a) the original source (Lead Guitar.) of nodrums
mixture, (b) and the estimated Lead Guitar from left microphone using the proposed method
without pruning and (c) with pruning.
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Figure 3.10: Time-domain representation of (a) the original sources (Bass) of nodrums mixture ,(b)
the estimated Bass signal from left microphone using the proposed method without pruning and
(c) with pruning.
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Figures 3.9 and 3.10 show the separated results of the proposed algorithm with and
without pruning for lead guitar and bass, respectively. In both figures, panel (a) shows the
original sub-sources, panels (b) shows the estimated sub-sources by using the proposed
method without pruning while panel (c) shows the estimated sub-sources by exploiting
the hybrid pruning and the proposed method. The mean square error (MSE) between the
original and estimated source of Lead Guitar from nodrums separation is 0.18 and 0.72
for the proposed method with pruning and the proposed method without pruning,
respectively. Also the MSE between the original and estimated source of bass from
nodrums separation is 0.01 and 0.04 for the proposed method with pruning and the

proposed method without pruning, respectively.

3.3.4 Comparison with Other NTF-Based Multichannel Source Separation Methods

The separation performance of the proposed method has been evaluated by comparing
with the NTF-based unsupervised multichannel audio source separation methods i.e.
IS-cNTF [9] and IS-NTF [56] method. The numbers of latent components for the three
methods have been set for three mixtures as the following: 1) K; = 20 and K; = 3 for
the proposed method, 2) K; =20 and K; = 3 for IS-cNTF, and 3) K =60 and K =9

for IS-NTF .

Each of the six algorithms was run 20 times from 50 random initializations for 400
iterations. The separation performance of the proposed method has also been presented in
this section. The separation performance is calculated from the average of 10 experiments
under the same mixture. The IS-cNTF and IS-NTF parameters are set as follows [9, 56]:
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numbers of components per each source are 3 and 20, respectively for all datasets. The TF
domain used in IS-cNTF and IS-NTF are based on the log-frequency spectrogram. Cost

function of IS-cNTF and IS-NTF are based on the Itakura-Saito divergence.

EAPBNTF ®IS-cNTF ®EIS-NTF
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Figure 3.11: Comparison of average SDR performance on wdrums, nodrums, and Shannonsongs
Sunrise of three audio sources between IS-NTF, IS-cNTF, and the proposed method (APBNTF)
with K; = 3 per source and
tkj = 0.50 (wdrums),0.75 (nodrums), 0.15 (Shannonsongs Sunrise).

In Figure 3.11, K; was set to 3 according to [56], shows negative results for nodrums
and low separation performance for Shannonsongs Sunrise when using IS-cNTF and
IS-NTF. The proposed method, on the other hand, has led to better separation
performance as it takes the advantages of the more meaningful feature extraction that
pertain to the data through prior information on basis vectors W and the unique sparsity
that has been individually optimized for each element code with automatic pruning.
However, it should be noted that setting K; = 3 does not necessarily guarantee that this
is the optimal number of components associated with each source. To further investigate
this, the initial K; has been increased to 20 and allow the pruning technique to determine

the appropriate number of components. The final results in term of SDR are shown in
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Figure 3.12.

From Figure 3.12, when the initial K, is set to 20, it is seen that the proposed method
yields superior separation performance among all three methods. K, is determined based
on pruning which is optimally selected for each source i.e. for wdrums: {Ky;_nq: = 13,
Karums = 11, Kpass = 12}, for nodrums: {Kpass = 12, Kieaa 6. = 16, Krnmenmixc. =
19}, and for Shannonsongs Sunrise: {Kgrym = 17, Kyocar = 18, Kpano = 15}. The
average SDR improvement of the proposed method with K;=20 over IS-cNTF and
IS-NTF method are 11.8dB, 10.1dB, and 7.8dB per source for wdrums, nodrums, and
Shannonsongs Sunrise, respectively. Hence, setting K; = 3 is not adequate for
modeling the components of the sources. To sum up, combining prior information on W
and the pruning technique benefit the proposed method with better separation

performance than using either only one of them.
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Figure 3.12: Comparison of average SDR performance on wdrums, nodrums, and
Shannonsongs Sunrise of three audio sources between IS-NTF, IS-cNTF, and the proposed
method (APBNTF) with K; = 20 per source and

tkj = 0.50(wdrums), 0. 75(nodrums), 0.15(Shannonsongs Sunrise).
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Figure 3.13 shows the Comparison of average SDR performance of estimated Hihat,
Drum and Bass from the wdrums dataset. It is clearly shown that, the proposed method
can separate the sources from the wdrums mixture more efficiently than the two methods.
The average SDR improvements of the proposed method over the IS-NTF and IS-cNTF

methods are 2.5dB per source and 1.9dB per source, respectively.

BEAPBNTF ®IS-cNTF EIS-NTF
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Figure 3.13: Comparison of average SDR performance of estimated Hi-hat, Drum and Bass from
wdrums dataset between IS-NTF, IS-cNTF, and proposed method (APBNTF).

In Figure 3.14, panels (a)-(c) show the original sources of the nodrums mixture which
are the bass, lead guitar and rhythmic guitar, respectively. Panels (d)-(0) shows the
estimated sources using the IS-NTF, IS-cNTF and proposed method. Analyzing panels
(d)-(1), it visibly clear that that source separation using latent components methods require

a joint optimization of the sparsity regularization for each element code h._ , number of

latent components per source, and data-adapted correlated basis vectors in W. Panels
(m)-(0) show the case of the separations results of the proposed method when joint
process is optimized while panels (d)-(I) show that the other NTF-based methods did not
fully separate the music mixture. Many spectral and temporal components are missing
from the recovered sources and these have been highlighted (marked red box) in all
panels. The other NTF-based methods fail to take into account of the data-correlated basis

vectors and specific sparsity associated with each code, and this has resulted in
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ambiguous estimation of each source spectrum and thereby discarding the temporal

information. When the temporal structure and the pitch change are not properly estimated

in the model, the mixing ambiguity is still contained in each separated source.
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Figure 3.14 Separated signals of nodrums in time-domain. (a)-(c): original bass, Lead Guitar and

Rhythmic Guitar music. (d)- (e): estimated sources using the proposed method (initial K;=3 and
uj = 0.50 for all sources). (g)- (i): estimated sources using IS-cNTF. (j)- (I): estimated sources

using IS-NTF. (m)- (0): estimated sources using the proposed method (initial K;=20 and
pxj = 0.54,0.75,0.72 for bass, lead guitar and rhythmic guitar, respectively).
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Table 3.2: Performance comparison between other NTF based multichannel audio source

separation methods and the proposed method.

Mixtures Methods SDR (dB) | SIR (dB) | SAR (dB)

Proposed method (APBNTF) 12.8 38.1 12.8

Proposed method (APBNTF)
wdrums 11.8 37.2 11.8
without pruning
(Hi-hat/drums/bass)

IS-cNTF 10.9 18.1 11.3
IS-NTF 10.4 17.8 10.1
Proposed method (APBNTF) 10.0 34.4 10.1

Proposed method (APBNTF)
nodrums 4.9 315 4.9
without pruning

(bass/lead G /rhythmic G)

IS-cNTF 3.7 27.9 3.9

IS-NTF -1.7 -0.3 3.5

Proposed method (APBNTF) 10.1 31.8 10.1

Shannonsongs Sunrise Proposed method without pruning 8.2 29.9 8.2
(drum/vocal/piano) IS-cNTF 0.1 194 0.2
IS-NTF 1.3 20.7 14

Table 3.2 further gives the SDR, SIR, and SAR comparison results between our
proposed method and the other NTF methods. The improvement of our method compared
with the proposed method without pruning, IS-cNTF and IS-NTF can be summarized as
follows: 1) for the mixture of wdrums, the average improvement per source in terms of

the SDR is 1.0dB, 1.9dB, and 2.4dB per source, respectively; 2) for the mixture of
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nodrums, the average improvement per source in terms of SDR is 5.1dB, 6.3dB, and
11.7dB per source, respectively; 3) for the Shannonsongs Sunrise mixture, the average
improvement per source in terms of SDR is 1.9dB, 10.0dB, and 8.8dB per source,
respectively. In a nutshell, the proposed method gives an average performance
improvement of at least twice better than the state-of-art IS-NTF and 1S-cNTF methods,
respectively. Analyzing the separation results, the proposed method leads to the best
separation performance for all recovered sources. The IS-cNTF method performs with
poorer results whereas the separation performance by the proposed method without
pruning is slightly better than the IS-NTF and IS-cNTF methods. Our proposed method
gives significantly better performance than the proposed method without pruning,
IS-cNTF and IS-NTF methods. The spectral dictionary obtained via the proposed method
without pruning, IS-cNTF and IS-NTF methods are not adequate to capture the temporal

dependency of the frequency patterns within the audio signal.

3.3.5 Determination of Optimal K, and p,; of the Proposed Method

In this section, the proposed method which described in the previous section has been
applied to determine the optimal K; and pu,; of each source for separating mixtures of
wdrums, nodrums and Shannonsongs Sunrise. The proposed method has been tested by
using three mixtures with various p;; values from 0 to 1 with every increment of 0.05
and retained the value of K; and p;; associated with the best SDR for each estimated

source. The results are tabulated in Table 3.3.

Table 3.3 shows that the pruned numbers of K; and pu,; values for each source are
different. Analyzing the results, the proposed method with the pruned numbers of K; and

i are compared to the method with fixed p,; = 0.1. The average SDR improvement of
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the proposed method with pruned K; and p;; over the fixed u,; method are as follow:
1) for wdrums mixtures, the average SDR improvement is 0.57dB per source; and 2) for
nodrums mixtures, the average SDR improvement is 1.39dB per source; and 3) for
Shannonsongs Sunrise mixtures, the average SDR improvement is 0.97dB per source. The
results have also clearly indicated that the proposed method yields superb separation
performance when the value of p,; for each source is properly selected. Moreover, it can
be seen that the optimal values of u,; for each source consistent with the inference in
Section 3.3.2 i.e. in the case of music mixture, the best performance is obtained when
txj ranges from 0.41 — 0.93 and for music and vocal mixtures, the best performance is
obtained when u,; ranges from 0.04 — 0.42. This should be made feasible using

automatic selection for the appropriate value of u,; for each source in the future work.

Table 3.3: Optimal number of K; and u,; of wdrum, nodrum and Shannonsongs Sunrise.

SDR (dB) No. Comp. (K,) Hkj

Mixtures
X1 Xy Xz | Avg | X X Xz | X1 | X2 | X3

wdrums
159140(201|134| 13 | 11 | 12 {0804 |06
(Hi-hat/ drum/ bass)

nodrums
190|199| 54 |114| 12 | 16 | 19 (05|08 | 0.7
(bass/ lead G./ rhythmic G.)

Shannonsongs Sunrise
152 |58|104|104| 17 | 18 | 15 (04| 0.2 | 0.7
(drum/ vocal/ piano)
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3.4 Summary

This chapter has presented a new framework of amalgamating pruning and Bayesian
regularized cluster NTF under a PARAFAC structure with Itakura-Saito divergence for
multichannel audio source separation. The impetus behind the proposed work is that
sparseness achieved by the conventional NTF is not efficient enough; in source separation,
it is very necessary to yield control over the degree of sparseness explicitly for each
element code {h;;}. In addition, it does not incorporate correlation information between
different basis vectors into the factorization process. Underlying all factorization
algorithms is the principal difficulty in estimating the adequate number of latent
components for each source. The proposed method addresses this issue by using the
principle of pruning. The proposed method offers at least four advantages: First, the
sparse regularization term is adaptively tuned using a hierarcs hical Bayesian approach.
This yields the desired sparse decomposition, thus the proposed method is enable more
efficient estimation of the spectral dictionary and temporal codes of nonstationary audio
signals. Second, the modified Gaussian prior is formulated to express the correlation
between different basis vectors. Third, the proposed algorithm can automatically detect
the optimal number of latent components of the individual source. Finally, it avoids the
strong constraints of separating blind source without training knowledge. Hence, the work
is a step forward to realizing optimal BASS. This has been verified concretely based on
experiments which is very promising results. In addition, the separation performance of
the proposed method yields significant improvement of SDR on multichannel audio

separation compared with other NTF-based source separation methods.
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CHAPTER 4

SINGLE-CHANNEL AUDIO SEPARATION USING VARIATIONAL

L, —SPARSE COMPLEX MATRIX FACTORIZATION

In Chapter 4, an extreme case of blind source separation was regarded when a sole
recording is available. A novel single-channel blind source separation (SCBSS) has been
developed to extract better quality of audio separated signals. This approach will exploit
the variational L,-sparse complex matrix factorization (vL,-SCMF) which offers the
advantages of the CMF and a variational L,-sparse approach simultaneously. CMF is
based on a mixing model defined in the complex-spectrum domain and estimates
recurring patterns in the observed magnitude spectra, their activations and their phases.
The proposed factorization decomposes an information-bearing matrix into complex
factor matrices that represent the spectral dictionary and temporal codes. A variational
Bayesian approach was derived for computing the sparsity parameters for optimizing the
matrix factorization. The method is demonstrated on separating audio mixtures recorded
from a single channel that it yields superior performance compared with other existing
sparse factorization methods. The performance of the developed algorithms will be
measured using real-time audio signals in terms of the signal-to-distortion ratio.

This chapter is organized as follows: The formulation of the proposed Variational

L,-sparse CMF are articulated in Section 4.1. Experimental source separation results and
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a series of performance comparison with other existing BSS methods are presented in

Section 4.2. Finally, Section 4.3 concludes the work of this chapter.

4.1 The Proposed Method

4.1.1 Generative Model

In this section, the problem is now, given an observed complex spectrum, Yy, € C,to
estimate the optimal parameters 6 = {W,H,¢} of the model. We derive a new
factorization method termed as the variational L;-sparse complex non-negative matrix

factorization (vL;-SCMF). The generative model is given by

Yie=Xro W}‘H’{Z}‘,t + €y (4.1)

ik : .
where Zf, =e/®7tand the reconstruction error €.~ Ng(0,02), is assumed to be
independently and identically distributed (i.i.d.) as complex Gaussian distribution with
white noise having mean 0 and variance 2 which used to denote a modeling error for

each source.

The likelihood of 8 = {W,H, ¢} is thus written as

Y 5e= Xp,e|*
P(Y10) = [j,e — exp( -~ (4.2)

o2

We assume that the prior distributions for W, H and ¢ are statistically independent,
which yields
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P(612) = P(W)P(H|)P () (4.3)
P(H|A) corresponds to the sparsity cost, for which a natural choice is a generalized

Gaussian prior:

)Lk
P(HID) = Tl 570 0 exp (= (28)" IHEP) (4.4)

where A¥ and p are the shape parameters of the distribution.

In this section, we assume that P(H|A) promotes sparsity when p = 1 and the norm

of H is bounded. The posterior density defined as
P(6]Y) x P(Y|60)P(H|A) (4.5)

Maximum a posteriori (MAP) estimation problem leads to solve the following

optimization problem:

. . . 2
minimize f(0) = Zf,t|Yf,t — Xf,t| + 21 Zk,t|H'§|p (4.6)

subjectto X Wf=1 (k=1,..,K).

The CMF model parameters have been optimized by using an efficient iterative
algorithm relied on an auxiliary function which its detail presents in [50]. Auxiliary
function for f(8) is given as follow: for any auxiliary variables with Y, T’}‘,t =Yg, for
any Bf.> 0, XppBf. =1, for any Hf € R, Hf € ® and p = 1. We can illustrate

that £(8) < f*(8,0) with an auxiliary function defined as
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k|2
vk kygk JO
Vi —WiH{.e Tt

B¢

f1(6,0) =Y skr

+ ATk (p|BE T HE + 2 - p)|BE") (47)

and 6 = {Yf Hf|1<f<F1<t<T,1<k<K}, f*(6,0) is minimized w.rt. 8

when

_ .k
Yk, = WEHE. /%0 + B (Y, — X7 )

Hf = Hf

4.1.2 Formulation of the Proposed Variational L;-sparse CMF

(4.8)

(4.9

To facilitate such spectral dictionaries with adaptive sparse coding, we first define W =

(W, Wy ..., Wg],H=[Hq,Hy ..., Hy] ,and A= [44,4;...,A7]. Hence, the negative

log likelihood serves as the cost function in (4.6) defined as

1 ik 2 p
Lo oo ||V = Sipe WEHES e ||+ 2 S| HE|

2

1
o Ykelog AF+ Dkt AfHE

202

.k
Y — X WEHE e

when p = 1, we assume that P(H) promotes sparsity so that

f(H) = = Eiclog Af + Lk AfHY
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The sparsity term f(H) forms the L,-norm regularization which is used to resolve the
ambiguity by forcing all structure in H onto W. Therefore, the sparseness of the solution

in (4.11) is highly dependent on the regularization parameter A¥.

4.1.2.1 Estimation of the Dictionary and Temporal Code

In [50], the update rule for @ is derived by differentiating £+(6,8) partially w.r.t.
W]’S and HF, and setting them at zero then the updates for W and H respectively,

become:

Lk 12
vk krk ,J0
Yi—WiH{.e Tt

B

f*(6,8) = Ty + A% (p|BE"THE + 2 - p)|BE)

2 B 2 .2
gk |°_owkyk k * JOF ¢ k* prk
F*(6,9) o 5 |75 | ZWthRe[Yf,t |+ wh By
E Ak Lk ft 3
oW oW B
—2H’§Re[Y'f‘t &Lt 2wk HE
=2t o,
. ok
H’Q’Re[T’llﬁ‘t .e]¢f't} HE
=-2 +2WE Yo
Xt lecc‘t f Ztﬂ}‘,t

Setting the above to zero leads to

« ik
H’{'Re[??t .e]¢f't]

Bf ¢ B¢
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(4.12)

Similarly,

|- 2WEHERe | ¥E," /e | + Wi HE
B

+2) (ol HE + 2 - p)|HE")

F 6,8 ./k
OHF _aH',f'\’f

,t

|
/

1¢
—2WfRe[ it fit

Bf.

k? gk
+2Wf H;

=3, + 24 p|HE|" " HE

w]’iRe[y}f e*r. t] Wk’
o +2szf +2/1 p|H¥|"™
fit

Setting the above to zero yields

-k
kp, |k * ,Jd
WfRe Yf,t .e f’t

2
k Wy mk|P72) _
Hy <2f§+AP|H'§| =

(4.13)

St Ap|k”
‘Bf,t
The update rule for the phase, (I)’; .» are derived by using (4.7) that can be simply written

as follows
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2 _ —jok 2 .2
sk k yk k JoF ¢ k? gk
|75 | —2WthRe[Yf‘t.e Te|+wk HE

Bf ¢

f+(9! é) = Zk,f,t

+ 2% (p|HE]" HE + 2 - p)|HET”)

K
kpkp, |pk ) _
WthRe[Yf‘t.e f't] |Y¥,t‘
=A—=2 XYist

Ffe 77

W’f{H,t(|17lf{.t| Re[?’&'t'e_m];‘t]
e 75l

=A—=2 Yisr

N () R ()] ..
Re[(Y'f‘t +]Y’;‘t )(cosd)'f‘t—]smd)’;_t)]

75l

= A= 2 Zprel Bfel

ok M sk M. wk (D ok @ .
Re[Y’lﬁ‘t cos¢¥,t—]Y?,t smqb'f,tﬂY’;,t cosq&’f}ﬁY’f’t sm¢’f’t]

75l

= A28 14| Bf|

Re[l_/]’?_t] cos (l)’;‘t Im[l_/';‘t] sin c,b';‘t)

= A — 2%k s.|Bf | ( 7% | [¥5 ]

=A - ZZk,f,t|B]’f,t| cos qb]’f,t cos Q}‘,t + sin qb]'flt sin Q}ft

k
= A =2 Y rc|Bf (| cos(of — QF ) (4.14)
. . wkHvk Re|V%
where A denotes the terms that irrelevant with Bf, :%, cos Qf; = |1_£kf’|t],
fit fit

sinQF, = ¥} and ¢¥,. The auxiliary function, f*(6,8) in (4.7) is minimized when
fit = 7% | bf ¢ y [0, 4.7)

cos(¢]’f‘t — Q]’f,t) = coS ¢}“t coS Q]'f,t + sin ¢}‘,t sin Q]'f,t =1 , namely,
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Kk
cos pF, = cos Qf, and sin¢f, =sinQf,. The update formula for e/®7¢ leads

eventually to
.k
e/®rt = cos qb]’f,t + j sin qb]’f,t
= cos Q}‘,t +jsin Q]’f,t

_ Re[l_/]’ﬁ_t]ﬂm[l_/’;‘t]

-

I
~I
X
-

(4.15)

I
~I
st
=

As in [50], the update formula for ﬁ}ft and H¥, for projection onto the constraint

space, is set to

wkyk

ﬁ;(t = N '/];/k;_lltc (4.16)
HE

H’tc « ¢ 4.17)

4.1.2.2 Estimation of the Sparsity Parameter

It suffices to compute A¥ just for the regularization parameters associated with H¥.

Therefore, we can set the cost function in (4.10) as

FH,2) =5

vec(¥) — Zi ((I®W)°e/?) vec(H) ||i

Y (log DT + 3, (DT vec(H) (4.18)
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with vec(-) represents the column vectorization, “®” is the Kronecker product, “°” is

the Hadamard product, and I is the identity matrix. Defining the following terms:

W =[1oW? : [OW? i - : IOWK], /% = e/ /2 s s o2 ]

Y., [H A} 4]
ZI,Z H% A% ¢2,t
X=vec(Y)= |, h=| .. |, A= ,2:
D7 NN V2.3 B P13 B P
I[W"e@t 0 0 ]|
_ 70, /P
a=| 0 Wem 0 | (4.19)
[ 0 Wee'2: 0 J
0 0 Woe'2:
Thus, (4.18) can be rewritten in terms of h as
1 - 2 T T
F(h2) = 5= |y - AR +2Th - (log2)'1 (4.20)

Note that h and A are vectors of dimension Rx1 where R=FXT XK. To
determine A4, we use the Expectation-Maximization (EM) algorithm and treat h as the
hidden variable where the log-likelihood function can be optimized with respect to A.
Using the Jensen’s inequality, it can be shown that for any distribution Q(h), the

log-likelihood function satisfies the following:

np(yladoe?) = fow ln<%> dh (4.21)
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One can easily check that the distribution that maximizes the right-hand side of (4.21)
is given by Q(h) = p(Q|X,,_1,E,02) which is the posterior distribution of h. In this
section, we represent the posterior distribution in the form of Gibbs distribution as

follows:
Q(h) = -exp[~F(h)] where Z, = [ exp[~F(R)] dh (4.22)

The functional form of the Gibbs distribution in (4.22) is expressed in terms of F(E)

and this is crucial as it will enable us to simplify the variational optimization of A. The

maximum-likelihood estimation of A¥ can be expressed by

ML = argmaxinp (X |4,71,02)

= arg max, [ Q(h) Inp (X,Q|/_1, A, 0'2) dh
= argmax; [ Q(h) (Inp (y |h4,0%) + inp(R|2)) dh

= arg max, [ Q(h) Inp(h|4) dh (4.23)

Similarly,

o2y, = arg max Inp (X |&, A, 02)

g
— arg max [ Q) np (y.b|a A,0%) dh
o2 -
- argaznaxf Q) (inp (y |4 02) + inp(R|2)) dh

= arg max,> [ Q(W) inp (y | 4 0?) dh (4.24)
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Since each element of H is constrained to be exponential distributed with independent
decay parameters, this gives p(h|a) = [I;4exp (—44h,) and therefore, (4.23)

becomes
M = argmax, [ Q(h) (InAg —Aghy ) dh (4.25)

The Gibbs distribution Q(h) treats h as the dependent variable while assuming all
other parameters to be constant. As such, the functional optimization of 4 in (4.25) is
obtained by differentiating the terms within the integral with respect to A, and the end
result is given by

1 1

.= W for g=12,..,R (4.26)

where Agis the g*element of 2.
— _ 2
Since p (X |Q,A,02) = (mo?)~No/Zexp (—(1/202) ”X_ AQ” )WhereN0 = KXT,

the iterative update rule for a2, is given by

~ Y
0% = arg maxgs [ QW) (22 in(no®) 2 |y - An| ") an

= 21w (||ly - an] ") an (4.27)

Despite the simple form of (4.26) and (4.27), the integral is difficult to compute

analytically and therefore, we seek an approximation to Q(h). We note that the solution
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h naturally partition its elements into distinct subsets hp and h, consisting of
components V,, € P such that h, =0, and components V,, € M such that h,, > 0.

Thus, the F(h) can be expressed as follows:

F(h2) = # ”X - ZMﬂM”2 + Alshy — (log i);lM

F(hpAm)

_ 2 _ _ 2
+ o5z |y = b |+ 2Be — (109 ;1P + 55 |2(Auchar) (Arke) - ]| |
F(hp,4p) G
= F(hy, Ay) + F(hp,2p) + G (4.28)

In (4.28), the term ”XHZ in G is a constant and the cross-term (Ayhy) (Aphp)

measures the orthogonality between A, h, and Aphp, where A, is the sub-matrix of
A that corresponds to hp, Ay, is the sub-matrix of A that corresponds to hy,. In this
section, we intend to simplify the expression in (4.28) by discounting the contribution
from these terms and let F(h) be approximated as F(h,4) ~ F(hy, Ay ) + F(hp, 4p).

Given this approximation, Q(h) can be decomposed as

Q(t2) = 5-expl-F(,2)]

Q

iexp [— (F(EM'/EM) + F(ﬂP'AP))]
= Z—lhexp[—F(hM,/lM)] exp[—F (hp, 2p)]
= - exp[~F (hy, )] - exp[—F (R, 25)]

= Qu (ﬁM)QP (ﬂp) (4.29)
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where Zp = [exp[—F(hp,4p)]| dhp, and Zy = [ exp [—F (hy, Ay )]dhy,. In order to
characterize QP(QP), we need to allow some positive deviation to hp (any negative
values of hp will be rejected since NMF only allow nonnegative values). Hence, hp
must take on zero and positive values in Qp(hp). The distribution Qp(hp)can be
approximated by using the Taylor expansion about the maximum a posterior (MAP)

estimate, hM4P given in (4.13)

T
Qp(hp = 0) x exp {_ [(Z_:)|hMAPl hp _%EITDEPEP}
P

= exp[~(Ch"" ~ ATy + 2) ho~1HECoh,| (430
where Cp = %Z};ZF and C = %ZTZ. Although Qp(hp) is obtained in the form of
(4.30), its integral is difficult to evaluate and does not yield closed form analytical
expression of the moments, which subsequently prohibits inference of the sparsity
parameters. Alternatively, we may variationally approximate Qp(hp) by using a fixed
form distribution that can yield a closed analytical expression of the moments. Since hp
takes on zero and positive values only, a suitable fixed form distribution is to use the

factorized exponential distribution given by

0r(hr 2 0) = Tpep2exp (22) (431
P P

The variational parameters u = {u,}for Vp € P are obtained by minimizing the

Kullback—Leibler divergence between Qp and Qp
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Qp(hp)
Qp(hp)

|<

= arg min Qp (ﬂp) In dhp
u

= arg "Lm QP (ﬂp) [ln QP (ﬂp) —InQp (ﬂp)]dﬂp (4.32)

Solving (4.32) for u, leads to the following update [84]:

O
— N7 (4.33)

The approximate distribution for components h,, can be obtained substituting

F(hy, Ay) into Qy(hy) as follows:
Qu(Rar) = 5 exp[~F (hay, Auy)]
o exp|— (hYCuhy — 5y Ayhy + Ayhy )| (439)

In (4.34), QM(QM) has the functional form equivalent to a multivariate Gaussian

distribution. Therefore, QM(QM) can be represented as the unconstrained Gaussian with

. —-1 - . . —
mean h}4P and covariance C,, , where C,, is the sub-matrix of C.

Substituting (4.29), (4.31), (4.34) into (4.26), the sparsity parameter can be inferred as

1

1 .
hYdhe  RMAP ifg EM
Ay = fthM(_I\l/l)d_M hg1 | s
Froariman = U9 € P

and its covariance X is given by

(E;l)ab, ifab e M

us8qp , Otherwise.

Xop = (4.36)
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Similarly, the inference for ¢ can be computed from (4.27) as

_.n2
o* = fow ||y - a&|| ) dn (4.37)
N hMAP EM
where hy ={u‘; i}{g cp

Table 4.1 presents the main steps of the proposed method. We term the above algorithm
as the variational L;.sparse CMF (vL;-SCMF). The proposed algorithm for single-channel

blind separation is summarized in Table 4.1.

Table 4.1: Overview the proposed vL;-SCMF algorithm.

1. Compute Y;, = STFT(y(t)).

2. Initialize W§, H¥ and ¢, with nonnegative random values.

3. Update ﬁ]’{t according to (4.16) and fixing the value of ¢ at ejd’?t = I:_;ZI and
update u, using (4.33).

4. Calculate 4, and o using (4.35) and (4.37).

5. Update 6= {Y,H} according to (4.8), (4.9), update 6 = {W}, Hf, ¢}
according to (4.12), (4.13), (4.15) and Update ﬁ}‘_t and H¥ according to (4.16) and
(4.17).

6. Repeat steps 3 to 5 until convergence is reached.

7. Obtain an estimation of each source by multiplying the respective rows of the
spectral components W}‘ with the corresponding columns of the mixture weights

k
H¥ and time-varying phase spectrum e’¥r¢. Convert the time-frequency represented

sources into time domain to obtain the separated sources.
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4.2 Experimental Results and Analysis

4.2.1 Experimental Environments

In this section, the proposed single channel sources separation method vL;-SCMF is
tested with the real audio sources gen. We erated mixed signal from 30 music signals
including 10 drum, 10 jazz, 10 and 10 piano signals are selected from the RWC [85]
database and 20 sentences of the target speakers (10 male and 10 female sentences from 8
male and 8 female subjects) are selected from the TIMIT speech database. The sources are
randomly chosen from the database and the mixed signal is generated by adding the chosen
sources. In all cases, the sources are mixed with equal average power over the duration of
the signals. As an example, the mixtures are generated i.e. piano + jazz, piano + drum,
jazz + drum, piano + male speech, jazz + male speech, drum + male speech and male
speech + female speech. Three types of mixture can be summarized as follows: 1) Music
mixed with Music, 2) speech mixed with music, and 3) speech mixed with speech. The TF
representation is computed by normalizing the time-domain signal to unit power and
computing the STFT using 1024 point Hanning window with 50% overlap. The parameter
corresponding to the number of components K is set as 4. All experiments are
conducted using a PC with Intel® Core™ i5 CPU 650 at 3.2 GHz and 4 GB RAM.

4.2.2 Source Separation Results of the proposed method

In this section, we have generated the mixtures of two sources which select from piano,
drum, jazz, male speech and female speech. Both sources are mixed with equal power to

generate the mixture. This is shown in the first three panels of Figure 4.1.
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Amplitude ~ Amplitude ~ Amplitude Amplitude
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Figure 4.1: Time-domain representation of the original sources, single channel mixture, and
estimated sources of music mixture between piano and drum using the proposed method.
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Figure 4.2: TF domain representation of the original piano and drum music (top panels), mixed
signal (middle panels), and separated signal piano and drum (bottom panels) using the proposed
method.
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Figures 4.1 and 4.2 shows of the original piano, drum music, the single channel mixture
and the separated sources using the proposed method in terms of spectrogram and
time-domain representation, respectively. The estimated sources are plotted in the last two
panels of Figure 4.1. From the plots in both Figures 4.1 and 4.2, they are visually evident
that the estimated sources resemble closely to the original sources. The mean square error
(MSE) between the original and the estimated music is 0.11dB and 0.07dB for piano and

drum, respectively.
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Figure 4.3: Estimated H. (a) piano (b) drum.
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In this section, seven types of mixture have been generated: 1) piano mixed jazz; 2)
piano mixed drum; 3) jazz mixed drum; 4) piano mixed male speech; 5) jazz mixed male
speech; 6) drum mixed male speech and 7) male mixed female speech. All separation
results have been summarized in Figure 4.3. The separation of piano + drum music
mixture is much better than those of other types of mixtures where the average SDR has
approached to 14.6dB, 13.5dB for recovered piano music and 15.8dB for recovered drum
music. Figure 4.3 shows the matrix factorization results in term of the temporal codes H in

the case of “optimally-sparse” based on the proposed method.

BSource 1 B Source 2
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SDR [dB]
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|
|
|
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|

piano&jazz  piano&drum jazz&drum  man&piano man&jazz man&drum man&woman

Mixture

Figure 4.4: Overall separation results of different types of mixtures using the proposed method.

Figure 4.4 summarizes the separation results of the proposed method. It is worth
pointing out that because the piano music and drum music have different basis components.
Hence, it is easier to separate these signals by using the vL;-SCMF. Thus, Figure 4.4

shows the better separation results over all the mixtures when audio mixture contains
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piano and drum music. On the other hand, the frequency range of male speech is very
similar to female speech sources and this particular mixture is very difficult to separate
which explains the reason why the SDR is relatively low. For separating the male speech
and female speech mixture, the vL;-SCMF yields an average SDR of 3.72dB. However,

this performance is still substantially better than using the CMF alone.

4.2.3 Effect on Source Separation with Variational L;-Sparse and Fixed Sparsity
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Figure 4.5: Time-domain representation of (a)—(b): the original piano and drum music. (c)—(d) and
(e)—(f) denote the recovered piano and drum music using uniform sparsity factorization with
A= 0.01 and A = 100, respectively. (g)—(h) denote the recovered piano and drum music using
the proposed method.

87



CHAPTER 4

150 |-
100 E— —

150
100

50 - = - -

Frequency bin
Frequency bin

150 |-
100 =—

50;__.—; j—

150 -
100 -

] O

Frequency bin
I
Frequency bin

150 -
100 —

50 b —— =

150 - 1
100 1
50 - 1

Frequency bin
|
Frequency bin

150 -
100 -
50§ -—

150 |- b
100 r- b
50 - = b

Frequency bin
Frequency bin

(0] 0.5 1 1.5 2 2.5 o 0.5 1 1.5 2 2.5
Time [s] Time [s]

(@) (h)

Figure 4.6: Spectrogram of (a)—(b): the original piano and drum music. (c)—(d) and (e)—(f) denote
the recovered piano and drum music using uniform sparsity factorization with A = 0.01 and
A = 100, respectively. (g)—(h) denote the recovered piano and drum music using the proposed
method.

In this implementation, we have conducted several experiments to compare the
performance of the proposed method with unsupervised CMF under different sparsity
regularization. To investigate the effect of sparsity regularization on source separation
performance, we evaluated and compared the proposed variational L;-sparse with the case

of 1) Uniform constant sparsity with low sparseness e.g., A¥ = 0.01 and 2) Uniform
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constant sparsity with high sparseness e.g., A¥ = 100. We use an example mixture of
piano music and drum music as shown in Figures 4.5 and 4.6. And set the number of
components per each source to K; = 4 with j = 2 sources. An initial CMF decomposition
is random. The number of iterations was set to 200 for updating the parameters. The
hypothesized is set that the proposed variational Lj-sparse will significantly yield

improvement of the audio source separation compare with fixed sparsity.
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Figure 4.7: Time-domain representation of (a)—(b): the original male speech and piano music.
(c)—(d) and (e)—(f) denote the recovered male speech and piano music using uniform sparsity
factorization with A = 0.01 and 4 = 100, respectively. (g)—(h) denote the recovered male speech
and piano music using the proposed method.
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Figsures 4.7 and 4.8 show the separated source in term of time-domain representation
and spectrogram, respectively. Panels (a)-(b) show the original sources of the speech and
music mixture which are the male speech and piano, respectively. Panels (c)-(h) shows
the estimated sources using uniform constant sparsity factorization with low
sparseness (A¥ = 0.01), high sparseness (A1¥ = 100)and the proposed variational

Li-sparse parameters.
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Figure 4.8: Spectrogram of (a)—(b): the original male speech and piano music. (c)—(d) and (e)—(f)
denote the recovered male speech and piano music using uniform sparsity factorization with
A= 0.01 and A = 100, respectively. (g)—(h) denote the recovered male speech and piano music
using the proposed method.
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Table 4.2: Comparison of average SDR and SIR performance on three types of mixtures between

uniform regularization methods and the proposed method (vL;-SCMF).

Mixtures Methods SDR (dB) SIR (dB)
Proposed method
12.32 14.87
) ) (VL;-SCMF)
Music and Music - —
(Best)Uniform regularization
. 10.89 14.68
sparsity
Proposed method
8.55 9.54
) (VL;-SCMF)
Music and Speech - —
(Best)Uniform regularization
. 7.15 7.36
sparsity
Proposed method
3.72 5.58
Male Speech and Female (VL,-SCMF)
Speech (Best)Uniform regularization
. 2.81 4.53
sparsity

The overall comparison results between the proposed variational L;-sparse and uniform
sparsity methods have been summarized in Table 4.2. According to the table, CMF with
variational L;-sparse tends to yield better result than the uniform sparsity-based methods.
We may summarize the average performance improvement of our method against the
uniform constant sparsity method: 1) for the music and music mixtures, the improvements
per source in terms of the SDR are 1.4dB and SIR 0.2dB. 2) For the music and speech
mixtures, the improvements per source in terms of SDR are 1.4dB and SIR 2.2dB. 3) For
the male speech and female speech mixtures, the improvements per source in terms of
SDR are 0.9dB and SIR 1.1dB. On a point of interest, the analyses for the case of 1)
Uniform constant sparsity with low sparseness e.g., A¥ = 0.01 and 2) Uniform constant
sparsity with high sparseness e.g., A¥ = 100 in Figures. 4.5 and 4.6 are based on the
single fixed uniform sparsity parameter where is set to be too high and too low,
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respectively. From these results, it could be argued that such settings of uniform sparsity
parameter are unrealistic for source separation. To investigate this further, the impact of
sparsity regularization on the separation results in terms of the SDR under different
uniform regularization has been undertaken and the results are plotted in Figure 4.9. In
this implementation, the uniform regularization for all sparsity parameters e.g.,

A¥ = 0,0.5,...,10. The best result is retained and tabulated in Table 4.2.

In Figure 4.9, the results have clearly indicated that there are certain values of where the
unsupervised CMF performs with exceptionally good results. In the case of music and
music mixtures, the best performance is obtained when ranges from 0.5 to 2 where the
highest SDR is 10.9dB. As for music and speech mixtures, the best performance is
obtained when ranges from 1.0 to 3.5 where the highest SDR is 7.2dB and for male
speech and female speech mixtures, the best performance is obtained when ranges from 1
to 4 where the highest SDR is 2.8dB. On the contrary, when is set too high, the separation
performance tends to degrade. It is also worth pointing out that the separation results are
coarse when the factorization is non-regularized. Here, we see that 1) for music and music
mixtures, the SDR is only 7.8dB, 2) for music and speech mixtures, the SDR is only
5.7dB, and 3) for male speech and female speech mixtures, the SDR is only 1dB. From
above, it is evident that uniform sparsity scheme gives varying performance depending on
the value of which in turn depends on the type of mixture. Hence, this poses a practical
difficulty in selecting the appropriate level sparseness necessary for matrix factorization

to resolve the ambiguity between the sources in the TF domain.

For comparison purposes, we have summarized the average performance improvement
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of our proposed method against the case of the uniform constant sparsity (¥ =
0,0.5, ..., 10) and the case of non-regularized (¥ = 0) based on Figure 4.9 as follows: 1)
for mixture of music signals, the average improvements are 4.4dB and 4.5dB per source,
respectively 2) for mixture of music and speech signal, the average improvements are
2.7dB and 2.9dB per source, respectively, and 3) for mixture of speech signals, the average
improvements are 1.7dB and 2.7dB per source, respectively. The above results clearly
indicate that the performances of source separation have been undermined when the
uniform constant sparsity scheme is used. On the contrary, improved performances can be
obtained by allowing the sparsity parameters to be individually adapted for each element

code. This is evident based on source separation performance as indicated in Table 4.2.

—a&— Music and Music --&=--Music and Speech ----%--- Male Speech and Female Speech

12

10

SDR [dB]

A value

Figure 4.9: Separation results of vL;-SCMF by using different uniform regularization.

4.2.4 Comparison With Other SCBSS Methods

In this evaluation, we compare the proposed method with similar class of matrix

factorization methods, e.g., original CMF [50] and SNMF with second-order optimization
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[11], NMF with Itakura-Saito divergence (NMF-ISD) [19], and single-channel ICA

(SCICA) [24].

Table 4.3: Comparison of average SDR and SIR performance on three types of mixtures between

SCICA, NMF-1SD, SNMF, CMF and the proposed method (vL1-SCMF).

Mixtures Methods SDR (dB) SIR (dB)
Proposed method
12.72 14.87
(VL;-SCMF)
CMF [50] 6.11 7.53
Music and Music
SNMF [11] 5.23 7.14
NMF-ISD [19] 5.17 6.31
SCICA [24] 3.85 4.86
Proposed method
8.92 9.84
(VL;-SCMF)
CMF [50] 6.06 6.64
Music and Speech
SNMF [11] 4.52 6.11
NMF-ISD [19] 3.55 6.62
SCICA[24] 1.43 3.12
Proposed method
4.53 5.78
(vL;-SCMF)
Male Speech and Female CMF [50] 3.89 5.65
Speech SNMF [11] 1.62 3.23
NMF-ISD [19] 2.06 4.27
SCICA [24] -0.56 1.25

Table 4.3 further gives the SDR and SIR comparison results between our proposed

method and the above four methods. The improvement of our method compared with
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CMF, SNMF, NMF-ISD and SCICA can be summarized as follows: 1) for the music and
music, the average improvement per source in SDR is 7.6dB and in SIR 8.4dB; 2) for
music and speech, the average improvement per source in SDR is 5.0dB and in SIR 4.2dB;
3) for male speech and female speech, the average improvement per source in SDR is
2.8dB and in SIR 3.5dB. Analyzing the separation results and SDR performance, the
proposed method leads to the best separation performance for both recovered sources. In
the case of the SCICA method performs with poorer results, we note that the recovered
sources have not been clearly separated and the mixing ambiguity region is still large
when compared with the original speeches. The SCICA models the sources as sparse
combination of a set of time-domain basis functions which are initially derived using the
ICA methods. The sources are subsequently estimated by maximizing the log-likelihood
with the ICA-derived basis functions. This method renders optimal separation when the
ICA basis functions corresponding to each source have minimal time-domain overlap. In
the case where the basis functions have significant overlap with each other e.g. mixture of
two speech sources where the basis functions for two sources are very similar, this
method performs very poorly. Of note is that the CMF method exploits the phase
information of the sources which is inherently ignored by SNMF and NMF-ISD and this
has led to improved performance about 2dB in SDR. In addition, by carefully adapting
the sparsity parameter for each temporal code using the proposed variational Li-norm
method, a considerable interference rejection level has been achieved. This is ostensibly
apparent in the SIR criterion. On the other hand, the parts decomposed by the SNMF and

NMF-ISD method are not adequate to capture the phase spectra and the temporal
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dependency of the frequency patterns within the audio signal. Additionally, the CMF and
NMF-1SD are not unique if the data does not span the positive octant adequately since a
rotation of W and opposite H can give the same results. In CMF, the sparsity parameter is
set manually and therefore it is difficult to avoid under or over sparse resolution of the

factorization.

4.3 Summary

This chapter has presented a novel framework of amalgamating variational L;-sparse with
complex matrix factorization for single channel source separation. The impetus behind
the proposed work is that NMF cannot estimate the phase spectra of underlying constituent
signals, and sparseness achieved by the conventional CMF is not efficient enough. The
proposed method addresses the above and enjoys at least two significant advantages: first,
the sparse regularization term is adaptively tuned to obtain the desired sparse
decomposition, and second, the proposed method can extract recurrent patterns of
magnitude spectra that underlie observed complex spectra and the phase estimates of
constituent signals, thus enabling the features of the components to be extracted more
efficiently. In addition, we derived analytical update equations through an auxiliary
function approach and an experimental evaluation showed that reasonably good separation

was obtained with the present method.
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CHAPTER 5

SINGLE CHANNEL BLIND SOURCE SEPARATION USING
IMITATED STEREO AUDIO MIXTURE WITH REGULARIZED

NONNEGATIVE TENSOR FACTORIZATION

In this chapter, nonnegative matrix factorization given by a single observed mixture is
extended to multiple-array mixtures. A novel approach for solving the SCBSS problem is
developed. The proposed mixing mixture is an analogy of a stereo signal concept given
by two microphones, one being the real and another is virtual. An “imitated-stereo”
mixture model is developed by weighting and time-shifting the original single-channel
mixture. This leads to an artificial mixing system of dual channels which gives rise to a
new form of temporal correlation diversity of the sources. The imitated-stereo mixture
has further culminated to a new development of the parallel factor analysis (PARAFAC)
model. The PARAFAC model yields a time-frequency representation of an artificial dual
channels information despite the mixture is a single-channel recording. Underlying all
factorization algorithms in SCBSS problems are the principal difficulties in estimating the
adequate number of latent components for each source and in preventing the same source
from being extracted more than once at the output. This chapter addresses these issues by
developing a framework for pruning unnecessary components and incorporating a

modified multivariate rectified Gaussian prior information into the spectral basis features.
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The parameters of the imitated stereo model are estimated via the proposed PARAFAC
regularized nonnegative tensor factorization with Itakura-Saito divergence. In addition,
we have derived the separability conditions of the proposed mixture model and
demonstrated that the proposed method can indeed separate mixtures of real-audio
sources. Experimental testing on real-audio sources has been conducted to verify the

capability of the proposed method.

The chapter is organized as follows: Section 5.1 summarizes the imitated-stereo mixing
model. The proposed algorithm is fully developed in Section 5.2. Experimental results
coupled with a series of performance comparison with other SCBSS method are presented

in Section 5.3. Finally, Section 5.4 concludes this chapter.

5.1 Single Channel Mixing Model

5.1.1 Imitated — Stereo Mixture Model

The single-channel blind source separation problem can be expressed as

y1 () = x1(8) + x,() + -+ + xy (£) (5.1)

where y;(t) denotes the single observed mixture, x;(t) denotes the jth source signal,
N, is the total number of source signals and t = 1,2, ...,T denotes the time index. To
recover the original signals x;(t) given only by the sole observed mixture y,(t), we
compose another mixture based on the autoregressive (AR) process of the sources. This

idea has been motivated by the most of audio signals that can be modeled by the AR
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process. This enables us to propose the imitated mixture by time-shifting and weighting

the observed mixture as

1
1+1BI

y2(t) = (3’1(t) + By, (t — 5)) (5.2)

where B € R is the weight parameter, and § is the time-delay. The AR process of the

signal can be expressed [86] as

x(0) = = X,7, ¢, (2 Ox;(t — 2) + (1) (5.3)

where M; is the maximum AR order, z is the number of AR order, cx;(z; t) denotes the
zth order AR coefficient of the jth source signal at time t and e;(t) is an independent
identically distributed (i.i.d.) random signal with variance o2 and zero mean. We establish
a ‘imitated-stereo’ term in the mixing model in (5.1) and (5.2) since the mixing model
resembles a stereo signal where the attenuation of the sources differs but the sources have
identical time delay because given by one location. By using the AR process in (5.3), the
imitated mixture can be rewritten in terms of the sources, its coefficients and time-delay as

M :
(—ij(6)+ﬁ) xj(t-8) ~ Zo21 Cxy @OX(E=2)+e (D

Z#6
1+|B| 1+|B| (5.4)

y2(t) = 255,

The proposed mixing model in terms of the sources can now be expressed concisely as a

function of time

y1(0) = 272, ()
y2(0) = T2, ayx;(t — 8) +73(8) (5.5)
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where a;(t;6,p) and 7;(t; 6,8) represent the mixing attenuation and residue of the jth
source, respectively.

_ o G048
4(t;6,B) = —Lm— (5.6)

M
D cxj(z;t)xj(t—z)+ej(t)

(o) = —=— 57)

Note that the parameterization of a;(t) and 7;(¢t) depends on & and § although this is
not shown explicitly. By comparing with the single channel mixture, the imitated stereo
mixture y,(t) contains extra information i.e. a;(t), 8, 7;(t) which are used for estimating
the sources. For time-frequency (TF) representation, the mixing model can be expressed

for V(f,t,) as

ni(f,t) = 2721Xj(f' ts)

, . Cx.(z5ts) .
L.t = )2, (aj(ts)e“z”f OXj(f ts = 8) = Xyls e TP (f o ts - z)) (5.8)

M;

z#46
where Y;(f,t;) and Y,(f,ts) are obtained using the STFT of y,;(t) and y,(t),
respectively. The term X;(f,ts) is the j™ source in time-frequence domain. In (5.8), we use
the fact that e;(t) « x;(t), and hence the TF of 7;(t) in (5.7) becomes

M] ij (z;D)e —i2nfz

Rj(fr ts) = _Zz=1 1+18]

z#+8

X;(f.ts = 2) (5.9)
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From (5.8), it can be seen that the imitated-stereo mixture comprises of aj(ts)e‘iz”f5
and X;(f,t; — &). A careful analysis of (5.8) will reveal that even if X;(f,ts) is unknown,
the signature of each source can be extracted directly from Y;(f,ts) using only
information of aj(ts)e“'z"f‘s. Care must be exercised in selecting the time-delay & in the
imitated-stereo (5.2). The factor e~*2™/¢ is only uniquely specified if |2nf5| <,
otherwise this would cause phase-wrap. Selecting improper time-delay & will lead to
phase-wrap if the maximum frequency of the source is exceeded. In order to avoid phase

ambiguity, we must satisfy

|27 frnax Omax/fs| < T (5.10)

where 8,4, 1S the maximum time delay, f;,q, 1S the maximum frequency present in the
sources and f; is the sampling frequency. Hence, §,,4, can be determined from (5.10)

according to

Smax < 72 (5.11)

meax

As long as the delay parameter is less than §,,,,, there will not be any phase ambiguity.
For example, for a maximum frequency f.. = 3.5 kHz, and a sampling frequency
fs = 16 kHz, one obtains 6&,,,, < 2.28 using (5.11). Therefore, phase ambiguity can be
avoided provided & is selected to be either 1 or 2. Additionally, for a maximum frequency
fmax = 8 kHz the maximum delay &,,,, IS limited to 1 only. This condition will be used

to determine the range of § in formulating the pseudo-stereo mixture.
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In the proposed framework, the excitation signal for each source is filtered by a
different AR filter. By comparing with the observed mixture y,(t), the imitated-stereo
mixture y,(t) has extra information of the sources i.e. a;(t), §, and 7;(t). This results
in a form of temporal correlation diversity of the sources in terms of the AR coefficients.
It is noted in (5.7) and (5.8) that the second channel (y,(t) or equivalently Y,(f,ts)) isa
mixture of the original sources and weighted by the source’s temporal correlation. Thus
our method in constructing the model enables this diversity to be manifested in the pair of
imitated-stereo mixture as noted in y;(t) and y,(t). In addition, the residue 7;(t) can
be minimized by selecting the appropriate § and §. This is the time temporal correlation
diversity is proposed for solving the SCBSS problem. Our novelty of the imitated-stereo
mixture has been the emergence of a new diversity in the form of sources temporal
correlation within the context of SCBSS. Furthermore, the concept of temporal
correlation admits a tensor representation which is then evolved into a statistical
estimation problem. This enables us to treat the single-channel recording as multiple
channels and subsequently allow us to develop a NTF approach for estimating the

Sources.

5.1.2 Method Assumptions

The proposed method focuses on separating sources from one mixture using the Wiener
filtering [56]. To achieve this, the following assumptions will be used:

Assumption 1: The sources satisfy the W-disjoint orthogonality (WDO) [87] condition:
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Xi(f, t)X;(f, t5) = 0, Vi#j, Vf,ts (5.12)

where X;(f,ts) isthe Short-Time Fourier Transform (STFT) of x;(t) defined as

X;(f, ts) = F¥[x,(0](f, ts)

= % J2 Wt —to) x; (e~ 2 de (5.13)

and W (t) is the window function. The STFT is performed on the signal frame-by-frame

and thus, t, represents the window shift.

Assumption 2: The sources satisfy the local stationarity of the time-frequency
representation. This refers to the approximation of X;(f,ts — ¢) = X;(f,t;) where ¢ is
the maximum time-delay (shift) associated with F" () with an appropriate window
function W(-). If¢p is small compared with the length of W(-) then W (- —¢) = W(-)
[88]. Hence, the Fourier transform of a windowed function with shift ¢ yields
approximately the same Fourier transform without ¢. For the proposed method, the

imitated-stereo mixture is shifted by § and by invoking the local stationarity this leads to

STFT .
x;(t — §) — e (f, ts = 6)

~ e TOX(f,t;), V6,161<¢  (5.14)
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Thus, the STFT of x;(t —&) where |§| <¢ is approximately e 2"°X;(f,t,)

according to the local stationarity property.

5.1.3 Separability of the Imitated-Stereo Mixture Model

In this section, the imitated-stereo mixture will be examined the separability of the

proposed method by considering a;(t) and 7;(t). To achieve this, we assumed that the

sources satisfy the WDO [87] condition:

Xi(f' ts)Xj(fi ts) ~ Oa Vi ij' Vf, ts (5-15)

The imitated-stereo mixtures of different cases based on a;(t) and 7;(t) are evaluated
by the selected minimum function £;. Motivated by the separation step of the proposed
algorithm, the minimum-selecting function is derived from the estimated signals in TF
domain. This can be expressed by assuming that the j* source dominates at a particular

TF unit as

Ykek; Qikdfkhies

Xij(f' ts) =

21 9ik Xkek; Afkhices

Y,(f.ts)

T EYV( )] 2muXij (f ts)

E[XymuXy(f.ts) X (fots)
= i M X
EXimyXu(fits) X mzlxi*l(f,ts)] ZJ ml] H (f’ tS)

SimaE[Xu(f t) X (f ts)]
= L . X
E[Zl milXil(f:ts) Zl mzlxi*l(f,ts)] ZJ ml] H (f’ tS)

_ Yimy X imyE[|Xu(fts)21X(f ts)
ZimulPE[IX;(f ts)1?]

(5.16)

If j = L, we then obtain X;;(f,ts) = X;;(f, ts).
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In this light, we formulate the proposed minimum-selecting function which can be

expressed as:

I = min |X(f t) — Ykek; A1kdfkhkes Yi(F L) 2
t AU s o1 ke, Qakdsrhies L8
. - 2
= ming| X;; (f, ts) — Xu(f, ts)| (5.17)

By evaluating the minimum-selecting function, each TF unit is mark to the I** argument
that yields the minimum value. Hence, the TF units of the mixture are classified into [
groups of (f,ts) units. The minimum-selected function is further analyzed in the cases of
the i*" mixture. In the first case where i=1 ie Y(f.t) =X, X(f.t;) =

X.(f,ts) + X,(f, t,), the function £; can be expressed as

2

Ykek Q1kdfkhkt
L =mlTLX(f,t)— : > Y(f't)
! l Y * 12=1 ZkeKl ‘hkdfkhkts ! °
. _ Ykek; A1kdfkhkeg 5 2
= min (X, (f,t) ~ g TS X ()| (69)

Secondly, when i = 2 i.e. Y,(f, ts) = Yo, @ X;(f, t5) = a1 X, (f, ts) + @ X,(f, t5), the

function £, can be expressed as

2

.= Ykek qdefkhkt
L, =min|a;X,;(f,ts) — = . —Y,(f,ts)
d =1 ZkEKl QdefkhktS
.= Ykek; 2k frhieg — 2
= ming [a;X,;(f, t;) — . ;II:EK?Qdefk;lkt YL aX(f.ts) (5.19)
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The functions £; and £, will then be used for evaluating the separability of the
proposed imitated-stereo mixture by considering a;(t) and 7;(t) in the following three

scenarios.

LIV a;(t) = a(t) and r;(t) = r(t), then x,(t) = (affl;f) x,(t — &) + 2r(t).

The first scenario presents a situation where two identical sources are mixed in the single
channel. By a weighted and time-shifting of the observed mixture, the imitated mixture is
only gained the time-delayed and scalar of the first mixture. This achieves no advantage of
the imitated mixture at all. The separability of this case is presented by substituting the
imitated-stereo mixture of Scenario | into the functions L, and L,. Since both sources are
identical, the minimum-selecting function of each mixture can be evaluated as follow: For

i =1, X;(f,t;) = X(f, t;) Vj, the L, function then becomes

2

. _ XvkQ1kWrkhkts
Ly = min, |X(f,t;) 2 Yvk Q1kW Fichkes 2X(f.ts)

= min|X(f, ts) — X(f, ts)|?
=0 for VI (5.20)

For i =2, a;(t) and 7;(t) are related to the source via a;, thus a;X;(f,t;) =

a X(f,ts) Vj. Thus the L, function becomes:

2
Ly = ming [AX(f, t;) — 70K 97 X (f, 1)

2 Yk A1kW fichieeg
= min|a X(f, t;) — a X(f, t,)|?
=0 for vl (5.21)
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As a result, the both minimum-selecting function are zero for all [*"* arguments i.e.
L, = L, = 0. In this case, the function cannot discriminate the [th arguments, the mixture

is not separable.

1 1f V) ai(t) = a(t) and 7;(t) # 1 (t) for j # k then x,(t) = (“1(3;?) x,(t—68)+

r1(t) + 1 (8).

Scenario Il represents different sources but setting £ and § for the imitated-stereo
mixture such that a,(t) = -+ = ay_(t). By following the steps in Case 1, the separability

of this mixture can be analyzed using the functions L, and L, as

2

) Ykek; Q1kW rhie N
L, = min; |X;:(f, ts) — L s S X (f,t
1 LAY (f.ts) 2?’:51 Ykek; d1kW rrchkts =17 (f,ts)
. 2
= mlnllxlj(fﬂ tS) _Xl(fl ts)l (522)

Since 7;(t) # i (t) thus a;X;(f, ts) # ap Xk (f, ts) for j # k, we then obtain

Ns 2

N z aX,(f, ts)
121 2kek; A2k Wrkhkt, =1

ZkeKl qZkakhkts

LZ = mlin anzj(f, tS) -

= ming[@Xy;(f, t) — @X,(f, )| (5.23)

As a result of j=1, the both L; and L, functions yields a zero value. The
minimume-selecting functions are capable to separate the [th arguments although the
sources have the same mixing attenuation; a,(t) = --- = ay (t) = a(t). Therefore, the
mixture of Scenario Il is separable.
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HIIf a;(t) # ax(t) and 7;(t) # i (t) for j # k then

a;j(8)+p
1+1BI

x(6) = 235, () (e = 8) +15(0)

This scenario corresponds to the most general case where the sources are distinct, and
and & are determined arbitrarily such that the mixing attenuations and residues are also
different. The L; function is firstly treated where the original signals differ i.e. X;(f,t;) #
X, (f, ts). Hence, the L, function of Scenario Il obtains the same as Scenario Il in (5.22)
ie. Ly = mim|Xy;(f, t) = Xy(F, t)]

Since the mixing attenuations a;(ts) and a,(ts) correspond respectively to x;(t) and
xi (t), thus @;X;(f, ts) # arXy(f,ts) and 7;(t) # 7 (t). By following similar line of the

L, function in Scenario I, we then have

. —_ — 2
L, = min|@;X,;(f, ts) — @X,(f, t5)| (5.24)

For j # [, the L, and L, functions in Scenario Il render a non-zero value. Hence, this

mixture can be separated by the minimum-selecting function.

5.2 Proposed Separation Method

5.2.1 Separation Model

The proposed method aim to estimate the original signals [x; (£)x,(t) ---st(t)]T by
formulating an imitated stereo mixture and using the proposed method given only one
observed mixture, y;(t). The process of the proposed method is illustrated in Figure 5.1.
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x1(t)

—y1(0) | > Y (f, ts) —»
STET Separation

-
)
x, (£) Imitated <

\ 4

Stereo  [»Y2()— —> Y, (f, ts)—>
Mixture

() «—

a, X, (f,ts) ]

X.(f.t5)
X,(f.ts)

a, X, (f, ts)

%2(t) «— Invert

A

21(t) ¢——— STFT

2() ——

A

Figure 5.1: The process of the proposed method for N, = 2.

5.2.2 Formulation of the Proposed Algorithm

In order to formulate the proposed algorithm, we choose a prior distribution p(W, H)

over the factors {W, H}. It can be shown that the following optimization problem needs to

be solved
minQ,W,H CMAP (W, H) = _log p(W, HlY' A Q)
where
log p(W,H|Y,2,Q) = log p(Y|W,H,Q) + logp(W,H|A) + ¢
and —logp(YIW,H,Q) =), Vil ts) logM -1

s 9,(f,ts) 7i(f.ts)

Similarly (3.1) to (3.24), the negative log prior on W is defined as

—logp(W) =—log 6§(w) + = wT.leag wi QY w
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Analyzing the above, the second term wT.QZ"iagw =Y WP lw, where P! is a
Toeplitz matrix corresponding to the kth diagonal sub-matrix of ﬂg’l-ag. Since the source
signals are modelled as AR processes, it is natural that P, assumes the AR

autocorrelation matrix of the following form®:

1 Pk . ,0;1:_1
Po=af| P 1 i (5.28)
pII(:_I vee pk 1

where p, is the first-order correlation of w; . For the third term, we note that

—1(W)
nn

QY i E IV E =P Ll P71 . Since the elements in P, are
exponentially decaying, we can make a crude approximation that P,;lz'%lP,;l = Ul
where py, = o207 %cn and ¢, is the correlation between the k™ and n'" basis
vectors. Thus the term wT.QE?fw = Ykn(kzn) HxknWEw,, measures the sum of weighted
correlation between w, and w,, forall k,n,(k # n). Hence, by including both of these
terms, the underlying statistical correlation within and between the basis vectors can be
incorporated into the matrix factorization to yield results that reflect on prior information

of the AR sources. Therefore, with the factorial model in (5.27) the desired constraint

assumes the following form:

. 1 - 1
f(W) = lOg p(W) = Zk lOg S(Wk) + EZk Wipklwk - EZk,n,(kin) .uknW’II;Wn

(5.29)

The use of multivariate rectified Gaussian prior p(W) enables the matrix factorization

Y In practice, |px| « 1 and the terms associated with p? (n > 1) in P, decay exponentially. Thus, in
implementation P, can assume a symmetric tri-diagonal matrix and the explicit inverse of such matrix is
well documented in the literature.
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to leverage on the statistical first order AR correlation within and between the basis
vectors. Once the basis wy has successfully extracted a particular spectral basis
associated with a source signal, subsequent basis vectors {Wj;tk} will leverage on wy, to
extract other spectral components of the same source. However, care must be exercised in
order that the basis vectors do not extract the same spectral component. Thus this
necessitates us to monitor the correlation between the basis vectors i.e. y,,, and as this
value gets larger, the more imperative it is to introduce pruning to prevent the basis
vectors from extracting the same spectral component. This will be elaborated in Section
5.2.2. 2). In order to turn off excess components thereby optimizing K, we choose a

component-wise exponential distribution prior is imposed on H, namely,

p(HIA) = [Tie [Te, Ake exp (—Akehie,) (5.30)

Following (5.30), the negative log prior on H is defined as

fH) = —logpHID) = -3, T, {log Lie, — e b, }

= =Xk Xt log Age, + Xk Xt Akt Pke, (5.31)

By substituting (5.26) and (5.30) into (5.25), the negative log posterior of W and H is

given by the following:
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From (5.29) and (5.31), the above can be written as

L = Sipe, dis (Vi |V (f,£)) + F(W) + f(H)

— Vi(f'ts) Vi(frts) 1 T -1
= Zifts 7.t logm —1-2logsw) + EZk wi P wy

1
- EZk,j,(kin) HknW?;Wn - Xk Zts log A, + Xk ch Akt ke, (5.33)

The sparsity term ¥, ¢ Axe hye, forms the Li-norm regularization to resolve the

permutation ambiguity by forcing all structure in H onto W. Therefore, the sparseness of

the solution in (5.33) is highly dependent on the regularization parameter A;_.

5.2.2.1 Estimation of the mixing coefficient, basis and code

In this section, we will derive the estimation of W, H and P={|aij|2}. The

derivative of (5.33) with respect to W of the proposed model is given by:

oL

W Xit, qikhktsd;S(Vi CABINAG ts)) + Yn Dk, fnWrn — Znzk MkenWen

—8"(wrr) /6 (wrk) (5.34)

where py ¢, isthe (f,n)™" component of the P, matrix.
Similarly, the derivative of (5.33) with respect to H is given by

oL
0 hgtg

=Xit, auWriedis(Vi(f D0, ) + A, (5.35)
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The derivative of (5.33) with respect to P = {|aij|2} is given by

oL

ary =Yk Lk Xt Werchie dis (Vi ABINAG ts)) (5.36)

We  define the term G is IXFXT, tensor  with entries

Gire, = dis(Vi(f, t) Vi (f, t5)), namely

{7 _ 1 _ Vi(f,ts)
Vl (f, tS)) h Vi(f,ts) Vi(f!ts)z (537)

dis (Vi(f. ts)

We note (4, B), x, the contracted product between tensors A with size I; X ... X
Iy XJ; X ..XJy and B with size I; X ..X Iy XxK; X ..X Kp and kz and kg are
the sets of mode indices over which the summation take place. The contracted product

(A,B)1, a1,y IS atensor of size J; X .. X Jy X Ky X ...X Kp given by

— — I Iy — —
(A, B){l,...,M},{l,...,M} = Zii:l ZLZ ail,...,iM,jl,...,jNbil,...,iM,kl,...,kp (538)

The contracted tensor product is a form a generalized dot product of two tensors along
common modes of same dimensions. Using (5.38), the multiplicative (MU) learning rules

in matrix notation for W, H, and P become

. (G6-,Q°H)(1,3}(1,2)
<G+’Q0H){1‘3}'{1‘2}+ [6,(W)/6(W)]+WET

WW

(G_,Q°W)(4 2}(1,2}

H<He
(64.QoW)(y 231,23 +A1T

(G_,WeH)(y 3311 23 LT

P«Peo T
(G+.W°H>{2'3}'{1‘2} L

(5.39)
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which has a strikingly similar form with the conventional NMF update rules. In (5.39), ‘¢’
is element-wise product and ET isa K x K matrix whose (k,n)*" element is given by

Py fn and py,. Here G_ follows the MU rule that denotes the negative part of the

derivative of the criterion e.g. G_ = [d}s (Vi(f,ts)

(7 Vi(f'ts)
Vi(f’ ts))]_ = Vi(f;ts)z and G+
denotes its positive part. The term Qo H denotes I X K X T tensor with elements

Gikhke,. Similarly, Q o W denotes F X I x K tensor with elements g wy, and W o H

denotes F X K X T; tensor with elements wg hy, .

5.2.2.2 Estimation of the Adaptive Sparsity Parameter

The update of A, follows by solving % = 0, this gives
ts

(5.40)

However, this may cause abrupt changes in the level of sparsity. An adaptive first-order

implementation that smooth over time can be obtained as follows:

1
hkts +€

Aies (1) = @l (=1 + (1 - )

(5.41)

where « is the smoothing parameter and is normally set to 0.95, and e = 107° is a
small number to prevent division by zero. As mentioned in Section 5.2.2., pruning is

exercised to prevent the basis vectors from extracting the same spectral component. First,
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note that the sparsity term ¥, ¢ Ax¢ hye, forms the sparse NTF objectives while the
normalization term 3, ».. log Ay, are given to learn the degree of regularization from
data, i.e. tune the pruning parameter, 4. . Second, let us assume that the factorization in
(5.29) has an approximation error of Zf=12?=122=1|Yi(f, ts)|?/IFTs. As a result of
inference in (5.33), a subset of the A, will be driven to a large upper bound, with the
corresponding columns of W and rows of H driven to small values. The effective
dimensionality can be deduced from the distribution of the ;. . We have found in practice,
two clusters clearly emerge: A group of values in same order of magnitude corresponding
to relevant components on columns of W and rows of H, and a group of similar values of
much higher magnitude corresponding to irrelevant components. Furthermore, for
components which had become to zero or close to zero we set A, = El Thus, based on
the above empirical observation, we propose the following pruning threshold: Let

A 2 Tiszgzl Ake, be the average sparseness value associated with the k" row of H. If

I, >e 1 \/zfqzﬁlzlgilvl-(f.ts)z (5.42)
then the kth row of H (equivalently kth column of W) is to be removed. This method
allows us to estimate the effective number of component. If the prior assumptions are
slightly violated or even if the likelihood function differs from the model assumption, the
correct factorization rank can be determined by evaluating the above bound by the

pruning threshold.
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5.2.2.3 Estimation of Source Signals

For the proposed method, we obtain the estimates of W, H and P that yield the smallest
cost value. To reconstruct the source signals, the term C;,(f,t) of the component k in

channel i is reformulated by using the Wiener filtering [56] as

Ci(f, ts) & E{Cy (f, t5)|P,W,H, Y}

qikWrk e,

B Zgﬂ QikWrichie,

Yi(f.ts)

qikWfrhkes
sty 649

where V;(f,t;) = Z’,§=1qikwfkhkts. The decomposition is conservative in the sense that

it satisfies

Yi(ts) = Xy Cix(ts) (5.44)

The estimated sources are reconstructed by using inverse-STFT of C;,(f,t;) for all i

and k leads to a set of time-domain components {¢,(t), ..., éx(¢t)}, with

Cix(t)
C(t) = : (5.45)
Crr(t)
and sources estimates can be obtained as
%ij(t) = Xkek, Cir (t) (5.46)
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The proposed algorithm is summarized in Table 5.1.

Table 5.1: Overview proposed algorithm of ISM-RNTF.

1. Generate the mixture y,(t) from (5.2) and compute the STFT of Y;(f,ts) and

Y (f, ts).
2. Apply spectral subtraction on |Y;(f,t,)|?,i = 2, ..., N;.

3. Initialize W, H and P with nonnegative random values and define L = {I;},

_{1,ifkel(j

o= and Q = PL.
7k 70, otherwise Q

4. Compute the followings:
e power spectrogram V;(f,ts) = |Yi(f, ts)]?,
o Vi(f ts) = Xro1 quewrichie,
e G, and G_ accordingto (5.46).

* pr and pp

5. Update model parameters as follows:

(G_, Qo H){1,3},{1,2}

WeWe ; =
(G4, Qo H)(y 33012 + [6'(W)./6(W)] + WET

. (G_,Q o W) 23012
(G4, Qo W) 3010y +A1T

H<H

(G—; Wo H){2,3},{1,2}LT

P<Pe
(G4, W o H)p33 01 LT

A=ad+(1-a)—— | Zszisaiu

6. Prune the irrelevant components of W and H using the criteria (5.42). Normalize
W and H.
7. Repeat steps 5 to 7 until it converges or reaches the predefine number of iteration.

8. Formulate C;,(f,ts) = %"Z;‘tslfi(ﬁ ts).

9. Convert C;,(f,ts) from TF domain into time domain &, (t) and reconstruct
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components and sources using X;;(t) = ZREK]. Cir (D).

5.3 Results and Analysis

5.3.1 Experiment Setup

The proposed ISM-RNTF method is demonstrated by separating real-audio sources. The
real-audio sources which are inherently non-stationary include vocal and music signals. All
experiments are conducted using a PC with Intel® Core™ i5 CPU 650 at 3.2 GHz and 4
GB RAM. MATLAB is used as the programming platform. The TF representation is
computed by using the STFT of 1024-point Hanning window with 50% overlap. The
experiments consist of 7 type of mixtures are generated i.e. male speech + female speech,
male speech + jazz, male speech + drum, male speech + piano, jazz + drum, and drum +
piano. The male speech, female speech and music sources are selected from the RWC [85]
database and 3 linear instantaneous stereo mixtures of 3 sources taken from the Signal
Separation Evaluation Campaign (SiISEC 2010) “Underdetermined speech and music
mixtures” task development dataset [76]. Three audio datasets have been considered and
are described as: 1) wdrums, a linear instantaneous stereo mixture (with positive mixing
coefficients) of 2 drum sources and 1 bass line. 2) nodrums, a linear instantaneous stereo
mixture (with positive mixing coefficients) of 1 rhythmic acoustic guitar, 1 electric lead
guitar and 1 bass line. It also coincides with development dataset dev2 of SiSEC’08
“underdetermined speech and music mixtures” task. Both mixtures are 10 seconds-long
and sampled at 16 kHz. The instantaneous mixing is characterized by static positive gains.

We applied a STFT with sine bell of length 64 ms (1024 samples) leading to F = 513. 3)
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Shannonsongs Sunrise, a linear instantaneous stereo mixture of d,,,, =3 musical
sources (drums, lead vocals and piano) created using 3.12 seconds-excerpts of original
separated tracks from the song “Sunrise” by S. Hurley and downsampled to 16 kHz. We
have evaluated our separation performance by measuring the distortion between original
source and the estimated one according to the signal-to-distortion ratio (SDR),
signal-to-interference ratio (SIR) and source-to-artifacts ratio (SAR). MATLAB routines
for computing these criteria are obtained from the SiSEC’08 webpage [77 79]. The
proposed method will be compared with 1) the other SCBSS method as the sparse
nonnegative matrix 2-dimensional factorization (SNMF2D) [91] and the single-channel
independent component analysis (SCICA) [24]. The SNMF2D parameters are set as
follows [92]: number of factors is 2, sparsity weight of 1.1, number of phase shift and time
shift is 31 and 7, respectively for music. As for speech, both shifts are set to 4. The TF
domain used in SNMF2D is based on the log-frequency spectrogram. Cost function of
SNMF2D is based on the Kullback-Leibler divergence. As for the SCICA, the number of
block is 10 with time delay set to unity, 2) the other NTF-based multichannel method and

NTF-based SCBSS.

5.3.2 Single Channel Mixture

5.3.2.1 Single Channel Sources

In this section, Audio sources can be characterized as non-stationary AR processes
since their AR coefficients vary with time [93]. We have generated the mixtures of two

sources which select from male speech, female speech, jazz, piano and drum. Both
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sources are mixed with equal power to generate the mixture. This is shown in the first
three panels of Figure 5.2. Figure 5.2 shows the time-domain separation results of jazz
and drum mixtures. We have investigated the separation performance by using g = 1
and § = 1. The estimated sources are plotted in the last two panels of Figure 5.2.
Visually, the estimated sources resemble closely to the original sources. The mean square
error (MSE) between the original and the estimated music is 0.08dB and 0.16dB for jazz

and drum, respectively.

Source 1(jazz)

% 10 I T T T
2
-?El 0

_ [ [ [
< 100 0.5 1 15 2 25
o Source 2(drum)
T 10 x I i 0
o)
b= OMWWWMWWWMMWWWNWWWNWMNWWNWWAW
2 10 [ [ [ [
E' 0 05 1 15 2 25

Time [s]

o Mixture(jazz&drum)
-g 10 I I T T
£10 [ [ [

0 0.5 1 15 2 25
Time [s]

o Estimate Source 1(jazz)
o° 10 T T 1 T
2
El 0

) I I I I
<% 05 1 15 2 25

Estimate Source 2(drum)

Amplitude
o

Time [s]

Figure 5.2: Original sources, single channel mixture, and estimated sources of music mixture
between jazz and drum using the proposed method with 8 =1 and § = 1.
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Figure 5.3 illustrates the results between the SCICA and the SNMF2D method and the
proposed method. In comparison, the average performance improvement of the proposed
music mixture, the average SDR improvement is 2.6dB and 9.2dB per source,
respectively; 2) for mixture of speech and music signal, the SDR improvement 4.6dB and
7.9dB per source, respectively; and 3) for speech mixture, the average SDR improvement
is 2.1dB and 3.4dB per source, respectively. Figure 5.3 shows separation performance of
different types of mixtures. Compared with the SNMF2D and the SCICA method, the
proposed method renders a more optimal part-based factorization. The factorization is
unique under certain conditions (e.g., adaptive sparse and nonnegative component),
making it unnecessary to impose constrains in the form of statistical independence
between original sources. Furthermore, the proposed method can automatically detect the
optimal number of components of the individual source, thus leading to more robust

separation results compared to the SNMF2D and the SCICA method.

m SCICA OSNMF2D B The proposed method (ISM-RNTF)
16
14
12
— 10 —
5
= 8
o
w 6
4 PO
2 PO
0 T T 1
Music&Music Music&Speech Speech&Speech
Mixture

Figure 5.3: Comparison of average SDR performance on mixture of two audio sources with
SNMF2D, SCICA, and the proposed method (ISM-RNTF) with 8 =1 and § = 1.
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5.3.2.2 Real Stereo Signal (left channel only)

In this evaluation, three stereo signals wdrums, nodrums and Shannonsongs Sunrise are
used to demonstrate the effectiveness of the proposed method in dealing with having one
signal from left channel of stereo signals. x;(t) is a “left channel mixture” of stereo
signal. x,(t) is a imitated-stereo mixture which was generated from (5.3) for a “right

channel mixture”.

drum
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Figure 5.4: Original sources, single channel mixture, and estimated sources of Shannonsongs
Sunrise mixture using the proposed method with £ =1 and 6 = 1.
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Figure 5.4 shows the three original sources, the single channel mixture and the
separated sources using the proposed method with =1 and § = 1. From the plots, it
is visually evident that the mixture has been clearly separated comparing with the original

sources.

5.3.3 Impact of weight () and time-delay (&) parameters on Matrix Factorization

and Source Separation

The imitated stereo mixture is formulated via determining the weight g and the
time-delay & parameters. The weight § parameter acts as a controlling factor to
maintain the difference of the sources” AR coefficients and to control the amount of the

residues 7;(t; 8, 5).

The impact of determination of values for g and & parameters will be investigated in
this section. In this implementation, the selection of values for § and § parameters will
depend on the type of sources and require manual setting. A set of experiments has been
conducted to determine the B and & pairs by using wdrums, nodrums and
Shannonsongs Sunrise mixtures. A finite range of § and § is selected to be [-4, 4]
(excluding g = 0) and [1, 2], respectively. The reason is in the extreme case of § = 0,
this leads to y;(t) = y,(t) where the imitated stereo mixture cannot be formulated. In
practice, the AR coefficients of sources are generally unknown. However, if one knows
the source category then f and & can be chosen from t. Moreover, if specific
information of the sources such as piano or drum is known in advance then the AR
coefficients can be determined by randomly sample the signals that belong to those
groups. Hence, this enables the algorithm to estimate g and & for the specific type of

sources.
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Figure 5.5: Separation results of the proposed method by using different weight (8) and
time-delay (§) parameters.
Figure 5.5 shows the separation results in terms of the SDR for the mixtures of wdrums,

nodrums and Shannonsongs Sunrise with 16 pairs of g and & defined as 1t =

{(_111)1 (_211)1 (_311)1 (_411)1 (1;1); (2,1), (311)1 (411)1
(-1,2),(—2,2),(—3,2),(—4,2),(1,2),(2,2),(3,2),(4,2)

}. As a result in Figure 5.5, it
can be seen that there are certain values of § and § where the algorithm performs the
best. In the case of wdrums mixture, the best performance is obtained when the pairs of
p and § ranges are (1,1), (1,-2) and (2,-2) (within 5% from highest SDR) with the
highest average SDR is 13.63dB which g and é is (1,1). As for nodrums mixture, the
best performance is obtained when the pairs of f and § ranges are (1,1) and (2,-1)
(within 5% from highest SDR) with the highest average SDR is 7.85dB which g and §
is (1,1) and in the case of Shannonsongs Sunrise mixture, the best performance is
obtained when the pairs of § and § ranges are (1,1), (2,-2) and (2,-3) (within 5% from

highest SDR) with the highest average SDR is 6.46dB which g and é is (1,1). In the

case where the type of sources is unknown, then choosing (B,6) = (1,1) will yield the
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best possible SDR since this particular pair overlaps with all the three categories. The
results indicate that only the low order AR coefficients i.e. § =1 are beneficial for
separation. This is not surprising since speech and music are mainly characterized by the

initial few AR coefficients and these coefficients tend to vary for different sources.

5.3.4 Impact of pu;; on Separation Performance
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Figure 5.6: SDR results as a function of 1 ;.(a) wdrums. (b) nodrums. (c) Shannonsongs
Sunrise.
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In this section, the impact of u,; will be investigated. In practice, the actual statistics
for computing the prior on W (u;) given in (5.34) is unknown. In this case, the
selection of wy;will depend on the type of sources and require estimation. Hence, we
investigate the effects of u,; in conjunction with the pruning method on the separation
performance. Firstly, we estimate [, = ;%67 %Ckn USING &, =wiw, and

6% = 1/||wj||2 for j = k,n. We then compare the estimated /i, with manual setting.

The following two cases are considered: Case 1) with pruning and py; is varied from 0,
0.05, 0.1,..., 1.0 Case 2) without pruning and p; is varied from 0, 0.05, 0.1,..., 1.0. The

wdrums, nodrums and Shannonsongs Sunrise datasets have been used for the above cases.

The separation results in terms of the SDR are given in Figures 5.6(a)-5.6(c).
According to Figures 5.6(a)-5.6(c), Case 1 yields the best overall performance, where the
average improvement over Case 2 can be summarized as follows: 1) for wdrums mixture,
the average SDR improvement is 0.96dB per source; 2) for nodrums mixture, the average
SDR improvement is 1.26dB per source; and 3) for mixtures of music and vocal
(Shannonsongs Sunrise), the improvement is 1.29dB per source. The results have also
clearly indicated that there are certain values of p,; where the algorithm performs the
best. In the case of wdrums mixture, the best performance is obtained when p;; ranges
from 0.33 to 0.64 (within 2% from highest SDR) with the highest average SDR is
13.71dB. The [, rendered from data estimation is 0.47 which very closely approaches
the optimum SDR, which is at pu,; = 0.52. As for nodrums mixture, the best
performance is obtained when u,; ranges from 0.17 to 0.72 with the highest average

SDR is 7.85dB. The [, rendered from data estimation is 0.39 which very closely
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approaches the optimum SDR, which is at u,; = 0.34. In the case of Shannonsongs
Sunrise which is a music and vocal mixture, the best performance is obtained when
ranges from 0.13 to 0.46 with the highest average SDR is 5.84dB. The [y, rendered
from data estimation is 0.23 which very closely approaches the optimum SDR, which is at

From the above findings, we can conclude that for music mixtures, the best
performance is obtained when p,; ranges from 0.17 to 0.72 and in the case of music and
vocal mixture, the best performance is obtained when u,; ranges from 0.13 to 0.46. On
the contrary, it is noted that when u,; is set either too low or high, the separation
performance tends to degrade. It is also worth pointing out that the separation results are
rather coarse when the factorization is non-regularized (i.e., without prior on W) and
without pruning. Here, we can see that the average SDR of without prior on W and
without pruning is the lowest among the three methods across wu,; > 0. As evidence,
Figure 5.6 shows the SDR of the without prior on W and without pruning method as for
wdrums mixture: 8.13dB per source, for nodrums: 3.28dB per source, and for
Shannonsongs Sunrise: 1.22dB per source. We may summarize the average improvement
of the proposed method (with prior on W and with pruning) against the case of without
pruning and without prior on W: 1) For wdrums mixture, the improvement per source in
terms of the SDR is 4.26dB. 2) For nodrums mixture, the improvement per source in
terms of the SDR is 3.60dB. 3) For Shannonsongs Sunrise mixture, the improvement per

source in terms of the SDR is 3.38dB.

By incorporating regularization (i.e., using u; > 0 and pruning), the performance
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increases significantly for all types of mixture. This is clearly evident in Figures 5.6
(a)-5.6(c) where the average SDR result for separation three mixtures scales up to 9.1dB
while for the case of without regularization the average SDR result is only 7.6dB. This
amounts to a significant 1.5dB performance improvement using the proposed
regularization than that without regularization. Thanks to the modified Gaussian prior,
this correlation is explicitly modeled by p; in the proposed method. This enables the
estimated basis vectors w; and w,to take advantage of the correlation in learning the
real basis directly from the mixed pattern. This explains the reason as to why that the
proposed method with pruning and with prior on W shows better performance than the
proposed method with pruning and without prior on W. Therefore, the analysis have
unanimously indicated the importance of selecting the correct number of components and
of incorporating the correlation p,; between the different basis vectors in order to arrive

at the optimal performance of feature extraction.

5.3.5 Comparison With Other NTF-Based BSS Methods

In this section, comparison of the proposed method with other NTF-based source
separation methods will be undertaken. These consist of the following methods. 1) The
proposed method based on multichannel source separation using stereo source mixture. 2)
The proposed method without pruning. 3) ISM with NTF (ISM-NTF) is based on
factorizing the power spectrogram of the mixed signal into a sum of components given by

ISM.
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Table 5.2: Comparison of average SDR, SIR and SAR performance on three mixtures between the

proposed method (ISM-RNTF), the proposed method (ISM-RNTF) without pruning, and the

ISM-NTF.
Mixtures Methods SDR (dB) | SIR (dB) | SAR (dB)
Proposed method
13.63 37.95 13.65
(ISM-RNTF)
wdrums Proposed method
(Hi-hat/drums/bass) (ISM-RNTF) 13.13 37.44 13.15
without pruning
ISM-NTF 12.40 36.63 12.41
Proposed method
7.85 30.85 7.84
(ISM-RNTF)
nodrums Proposed method
(bass/lead G. /rhythmic G.) (ISM-RNTF) 6.58 30.74 6.60
without pruning
ISM-NTF 6.28 28.40 6.27
Proposed method
5.79 25.83 5.85
(ISM-RNTF)
Shannonsongs Sunrise Proposed method
(drum/vocal/piano) (ISM-RNTF) 4.77 25.12 4.83
without pruning
ISM-NTF 4.32 24.36 4.39
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The comparison results are tabulated in Table 5.2. In general, the above methods
deliver good competitive results, especially in terms of the SDR. However, the best
overall separation performance is still wielded by the proposed method. By analyzing the
results, we may summarize the average improvement of the proposed method over the
proposed method without pruning and ISM-NTF method as follows: 1) for wdrums
mixture, the average improvements are 0.5 and 1.2 dB per source, respectively; 2) for
nodrums mixture, the improvements are 1.3 and 1.6 dB per source, respectively; and 3)
for mixture of Shannonsongs Sunrise, the improvements are 1.0 and 1.5 dB per source,
respectively. This clearly shows that the factorization coupled with the adaptive
assignment of the sparsity parameters and the inclusion of the correlation among the
different basis vectors as in the proposed method which enforces the uniqueness of the
factorization leading to higher accuracy in estimating the temporal information and

frequency patterns of the audio signals.

5.3.6 Comparison With Other SCBSS Methods

Table 5.3 further gives the SDR, SIR, and SAR comparison results between our
proposed method and the other SCBSS methods. In comparison, the average performance
improvement of the proposed method over the the sparse nonnegative matrix
2-dimensional factorization (SNMF2D) and the single-channel independent component
analysis (SCICA) methods can be summarized as follows: 1) for the mixture of wdrums,
the average improvement per source in terms of the SDR is 9.0dB, and 10.2dB per source,

respectively; 2) for the mixture of nodrums, the average improvement per source in terms
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of SDR is 3.4dB, and 6.4dB per source, respectively; 3) for the Shannonsongs Sunrise
mixture, the average improvement per source in terms of SDR is 2.9dB, and 9.3dB per

source, respectively.

Table 5.3: Comparison of average SDR, SIR and SAR performance on three mixtures of three

audio sources between SNMF2D, SCICA and the proposed method (ISM-RNTF).

Mixtures Methods SDR (dB) | SIR (dB) | SAR (dB)
Proposed method
13.63 37.95 13.65
wdrums (ISM-RNTF)
(Hi-hat/drums/bass) SNMF2D 462 11.90 6.45
SCicA 3.47 12.28 4.03
Proposed method
7.85 30.85 7.84
nodrums (ISM-RNTF)
(basslead G. /rhythmic G) | MF2D 4.45 12.15 6.13
ScicA 1.43 13.50 2.57
Proposed method
5.79 25.83 5.85
Shannonsongs Sunrise (ISM-RNTF)
(drum/vocal/piano) SNMF2D 2.86 7.24 6.14
SCicA -3.50 8.31 -0.62

Analyzing the separation performance and SDR results, the proposed method yields the

best separation performance for all recovered sources. The SCICA method performs with
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poorer results whereas the separation performance by the SNMF2D method is slightly
better than the SCICA method. Our proposed method gives significantly better
performance than the SNMF2D and SCICA methods. The reasons are the spectral
dictionary obtained via SNMF2D methods are not pruning for estimating adequate
number of latent components for each the audio source. In addition, the SNMF2D and
SCICA methods have been separated individual sources from only single channel mixture.
On the other hand, our proposed method can be created the two channels mixture from a
single mixture by using ISM technique which provides the separation process with more
information than the SNMF2D and SCICA methods. This lead to robust separation

method from just a single channel mixture signal is possible.

5.4 Summary

A novel solution for the single channel blind source separation problem has been
presented. An imitated stereo mixture is proposed by weighting and delaying the observed
mixture where the source signals can be modelled by the AR processes. Experiments have
been conducted successfully to separate real-audio mixtures. In this work, the separability
analysis of the imitated stereo mixture has been derived based on Wiener masking. The
proposed method has demonstrated high level separation performance for real-audio
sources. The proposed method enjoys at least three advantages: Firstly, it can be employed
to separate individual sources from the imitated stereo mixture by using a single channel
mixture. Secondly, the modified Gaussian prior is formulated to express the correlation

between different basis vectors. Finally, our proposed algorithm can automatically detect
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the optimal number of latent components of the individual source, thus enabling the
spectral dictionary and temporal codes of the individual source to be estimated more

efficiently.
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CHAPTER 6

CONCLUSION OF THE THESIS

The work in this thesis has fulfilled all the aims and objectives set out in Chapter 1. In
Chapter 2, an overview of the BSS of linear instantaneous mixtures was presented. Both
SCBSS and multi-CBSS methods that aim to increase the accuracy of the separated
signals through various techniques were summarised and organised into a unifying
framework. However, the practicality of these approaches still has several unresolved
challenges which therefore limit the applications in reality. These problems have been
summarised in Chapter 2. Hence, this requires the development of reliable solutions for
the BSS of single channel and multi-channel mixtures to improve the performance at both
theoretical and practical issues. This fact is the impetus behind the three proposed method
of this thesis, which is to develop novel algorithms for retrieving single channel and

muli-channel mixed sources.

6.1 Proposed BSS Methods

In Chapter 3, the novel framework of amalgamating pruning and Bayesian regularized
cluster nonnegative tensor factorization under a PARAFAC structure with Itakura-Saito
divergence has been proposed for multichannel audio source separation. The impetus

behind the proposed work is that sparseness achieved by the conventional NTF is not
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efficient enough in source separation, it is necessary to yield control over the degree of
sparseness explicitly for each element code {h;;}. In addition, it does not incorporate
correlation information between different basis vectors into the factorization process.
Underlying all factorization algorithms is the principal difficulty in estimating the
adequate number of latent components for each source. The proposed method addresses
this issue by using the principle of pruning. The proposed method offers at least four
advantages: first, the sparse regularization term is adaptively tuned using a hierarchical
Bayesian approach to yield the desired sparse decomposition, thus enabling the spectral
dictionary and temporal codes of nonstationary audio signals to be more efficient estimate,
second, the modified Gaussian prior is formulated to express the correlation between
different basis vectors , third, our proposed algorithm can automatically detect the optimal
number of latent components of the individual source, and finally, it avoids the strong
constraints of separating blind source without training knowledge. Hence, the work is a
step forward to realizing optimal BASS. This has been verified concretely based on
experiments which produced very promising results. In addition, the separation
performance of the proposed method vyields significant improvement of SDR on
multichannel audio separation compared with other NTF-based source separation

methods.

Chapter 4 introduced a novel framework of amalgamating variational L;-sparse with
complex matrix factorization for single channel source separation. The impetus behind

the proposed work is that NMF cannot estimate the phase spectra of underlying constituent
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signals, and sparseness achieved by the conventional CMF is not efficient enough. The
proposed method addresses the above and enjoys at least two significant advantages: first,
the sparse regularization term is adaptively tuned to obtain the desired sparse
decomposition, and second, the proposed method can extract recurrent patterns of
magnitude spectra that underlie observed complex spectra and the phase estimates of
constituent signals, thus enabling the features of the components to be extracted more
efficiently. In addition, the analytical update equations were derived through an auxiliary
function approach and an experimental evaluation showed that reasonably good separation

was obtained with the present method.

In Chapter 5, a novel solution for the single channel blind source separation problem has
been presented. An imitated stereo mixture is proposed by weighting and delaying the
observed mixture where the source signals can be modelled by the AR processes.
Experiments have been conducted successfully to separate real-audio mixtures. In this
work, the separability analysis of the imitated stereo mixture has been derived based on
Wiener masking. The proposed method has demonstrated high separation performance for
real-audio sources. The proposed method enjoys at least three advantages: Firstly, it can be
employed to separate individual sources from the imitated stereo mixture by using a single
channel mixture. Secondly, the modified Gaussian prior is formulated to express the
correlation between different basis vectors. Finally, our proposed algorithm can
automatically detect the optimal number of latent components of the individual source,

thus enabling the spectral dictionary and temporal codes of the individual source to be
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estimated more efficiently.

In conclusion, the three proposed methods are summarized in Table 6.1.

Table 6.1: Summary of the proposed BSS methods.

TF Cost Regularization Update
Methods Type of BSS
representation | function W H method
Adaptive
Multi-Channel Correlation
APBNTF Spectrogram ISD sparsity MU
BSS of the basis
(MAP)
Adaptive
vL;-SCMF SCBSS Spectrogram LS - sparsity MU
(VB)
Adaptive
Correlation
ISM-RNTF SCBSS Spectrogram ISD sparsity MU
of the basis
(MAP)

6.2 Comparison of the Proposed SCBSS Methods

In this section, the proposed BSS methods will be tested across all types of mixture and
compared in terms of SDR, SAR and SIR. The following table summarises the
comparison results. In comparison, the ISM-RNTF leads to the best separation

performance for the music & music mixtures and music & speech mixtures. The reasons
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of using ISM model for SCBSS have been described in Chapter 5. However, it is
interesting to point out that the big advantage of using ISM-RNTF with temporal
correlation is that this method is more meaningful features extraction that pertains to the
data than vL;-SCMF method and analogous to the stereo signal concept given by one
microphone, thus simultaneously retain a high level of the separation performance. On the
other hand, the vL;-SCMF does not have prior on W such that the frequency patterns of
each source may not be estimated as well as ISM-RNTF. Additionally, the vL;-SCMF is
separated individual sources by using the single channel. However, the vL;-SCMF
performs good results for male speech and female speech as compared with ISM-RNTF
owing to incorporating the phase parameter will give the better recovered sources than

without using phase information.

Table 6.2: Separation results using different SCBSS methods.

Mixtures TF methods | SDR (dB) | SAR (dB) | SIR (dB)
vL;-SCMF 12.7 12.8 14.9
music and music
ISM-RNTF 14.4 14.3 16.8
vL,-SCMF 8.9 8.5 9.8
music and speech
ISM-RNTF 9.8 10.1 12.2
vL;-SCMF 4.5 6.6 7.8
male speech and female speech
ISM-RNTF 2.4 2.5 13.3
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The overall comparison results between the APBNTF and ISM-RNTF methods where

proposed in Chapter 3 and Chapter 5, respectively, have been summarized in Table 6.3.

Table 6.3: Separation results using different Proposed ISM-RNTF and APBNTF methods based

on NTF.
Mixtures TF methods SDR (dB) | SAR (dB) | SIR (dB)
APBNTF 12.8 12.8 38.1
wdrum
ISM-RNTF 13.6 13.7 37.9
APBNTF 10.0 10.1 34.4
nodrum
ISM-RNTF 8.9 8.8 319
APBNTF 10.1 10.1 31.8
Shannonsongs Sunrise
ISM-RNTF 3.8 3.9 12.8

According to the table, the overall results indicate that the APBNTF method gives the

outstanding separation performance over the ISM-RNTF method at the average SDR

6.6dB per source. The APBNTF achieves the good results for nodrum and Shannonsongs

Sunrise as compared with ISM-RNTF. While ISM-RNTF vyield better results than the

APBNTF methods for the wdrum mixtures. This may because: Firstly the selecting the S

and & parameters for the imitated stereo mixture causes the coefficients of the j™ sources

a; of ISM-RNTF differ from one another than the natural coefficients given by the real

stereo mixture. Secondly, the wdrums signal consists of Hi-hat, drum and bass which their

coefficients are more distinguish than the musical instruments in the nodrum (i.e. bass,

lead guitar, and rhmthmix guitar) and Shannonsongs Sunrise (i.e. drum, vocal and piano).

Thus, this allows some space that the estimated coefficients of the ;™ sources can be

139



CHAPTER 6

diveraged from its actual value. On the other hands, the nodrum and Shannonsongs
Sunrise requires the accurate coefficients of the ;™ sources that available in the APBNTF

method.
6.3 Future Work
6.3.1 Development of BSS Method for Noisy Mixture Enhancement

As described in Chapter 5, the proposed BSS algorithms are derived for noise-free
condition. Hence, The method may not able to solve the BSS problem in noisy
environments since the presence of noise seriously degrades the performance. In a realistic
scenario of audio applications, desired signals will be corrupted by additive background
noise. In the future work, a novel framework to solving BSS based on ISM-RNTF in noisy
environments [94] will be developed. In an instantaneous linear problem of source
separation, the unknown source signals and the observed data are related to the single

observed mixing model in terms of the sources and a noise in time domain is considered as

N

() = ) %) +m(0) (61

j=1

For the virtual mixture by weighting and time-shifting the single channel mixture

x4 (t), it gives as follows:

Y2(0) = Xj2, apx;(t — 8) +13(8) + mp(0) (6.2)
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where x;(t) denotes the jth source signal,a;(t;5,8) and 7;(t;8,5) represent the
mixing attenuation and residue of the j* source, respectively and n;(t) is additive
noise of the j* source. This method will be considered a wide class of the cost functions
and efficient NTF algorithms with only single parameter to tune. The optimal choice of
the parameter in the cost function depends and on a statistical distribution of data and
additive noise, thus an updating rules algorithm should be applied for estimating the basis
matrix and the source matrices, depending on a priori knowledge about the statistics of

noise.

The aim of the developed SCBSS based on ISM-RNTF method is to estimate the original
signals from the noisy mixture by including a preprocess to eliminate noise components

from the observed signal and then performing the separation process.

6.3.2 Development of a BSS method for non-stationary mixing model

Most of the algorithms for the BSS approach are based on a model of stationary sources.
Non-stationary Blind Separation (NBS) represents the separation of independent source
signals with non-stationary mixing from the single sensor or multi-sensor and
time-varying temporally correlated sources. The speakers or equivalently, the
microphones can move. The problem is cast in terms of the mixing proportions of sources

which can be tracked by using particle filter [95, 96].

Future works will consider of the generalization of the proposed estimator for the
non-stationary blind source separation problem. It addresses the problem of separating the

sources when speakers or microphones are moving, and developing a generative model
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for analysis of non-stationary multivariate time series. The objective of this future work is
to perform BSS in time-varying mixing process of linear instantaneous mixture of

independent temporally correlated, non-stationary sources.

The BSS method to separate non-stationary mixing model based on ISM-RNTF will be
developed. The non-stationary mixing model has not been solved by using current BSS
methods. For instantaneous non-stationary single observed mixing model, it gives as

follows:

Ny
y1(0) = ) (0 +ma(0) (63)
j=1

where m;(t) denotes the i source mixing parameters at ¢ time, and n,(t) is additive
noise. Thus, the power TF representation of matrix representation is given by |Y|? =
Z?’;l|Mj|2 « |X;|” + N. The matrix M; is a mixing parameter in TF domain (it is assumed
that the mixing parameter is stationary within a short period. The aim of the developed

BSS method is to estimate nonstationary mixing model M; and the sources |Xj|2.

6.3.3 Development of Informed Speech Separation based on a Cochleagram TF

Representation

The cochleargram modelled by using the gammatone filterbank was proposed in [92, 97-
99] to decompose the time-domain input into the frequency domain. It produces a
non-uniform time-frequency resolution while it is more balanced between the high and

low frequency areas when compared to the classic spectrogram and log-frequency
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spectrogram (constant-Q transform).The impulse response of a gammatone filter centered

at frequency f is given by:

ti=le=2™t cos 2nft, t =0

A4
0, else (6.4)

g(f,t) = {

where [ represents the order of filter, v denotes the rectangular bandwidth which
increases with the center frequency f. The filter output response x(c,t) can be expressed

with regards to a particular filter channel ¢ as:

x(c,t) = x(t) * g(fe, ©) (6.5)

where f. denotes the center frequency, and ‘*’ indicates a convolution operator.

The development will construct the audio signal TF representation using the
gammatone filterbank. It produces a non-uniform TF domain termed as the cochleagram
whereby each TF unit has different resolution unlike the classic spectrogram which deals
only with uniform resolution. The mixed audio signal is more separable in the
cochleagram. This property befits to an NTF method which requires sparsity. Moreover,
in the separating process, an exemplar masking will be provided to turning the masking of
the original sources. Therefore, the development of imitated-stereo mixing informed
speech separation using Cochleagram will improve the accuracy of the speech separation

performance.
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