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ABSTRACT

Adaptive Algorithms for Independent Component Analysis:
Formulations and Application to CDMA Communication systems with
Electronic Implementation

By
Zaid Albataineh

Blind Source Separation (BSS) is a vital unsupervised stochastic area that seeks to
estimate the underlying source signals from their mixtures with minimal assumptions
about the source signals and/or the mixing environment. BSS has been an active area of
research and in recent years has been applied to numerous domains including biomedical
engineering, image processing, wireless communications, speech enhancement, remote
sensing, etc. Most recently, Independent Component Analysis (ICA) has become a vital
analytical approach in BSS. In spite of active research in BSS, however, many
foundational issues still remain in regards to convergence speed, performance quality and
robustness in realistic or adverse environments. Furthermore, some of the developed
BSS methods are computationally expensive, sensitive to additive and background noise,
and not suitable for a real-time or real world implementation.

In this thesis, we first formulate new effective ICA-based measures and their
corresponding robust adaptive algorithms for the BSS in dynamic “convolutive mixture”
environments. We demonstrate their superior performance to present competing
algorithms. Then we tailor their application within wireless (CDMA) communication
systems and Acoustic Separation Systems. We finally explore a system realization of one
of the developed algorithms among ASIC or FPGA platforms in terms of real time speed,

effectiveness, cost, and economics of scale.



Firstly, we propose a new class of divergence measures for Independent
Component Analysis (ICA) for estimating sources from mixtures. The Convex Cauchy-
Schwarz Divergence (CCS-DIV) is formed by integrating convex functions into the
Cauchy-Schwarz inequality. The new measure is symmetric and convex with respect to
the joint probability, where the degree of convexity can be tuned by a (convexity)
parameter. A non-parametric (ICA) algorithm generated from the proposed divergence is
developed exploiting convexity parameters and employing the Parzen window-based
distribution estimates. The new contrast function results in effective parametric and non-
parametric ICA-based computational algorithms. Moreover, two pairwise iterative
schemes are proposed to tackle the high dimensionality of sources.

Secondly, a new blind detection algorithm, based on fourth order cumulant
matrices, is presented and applied to the multi-user symbol estimation problem in Direct
Sequence Code Division Multiple Access (DS-CDMA) systems. In addition, we propose
three new blind receiver schemes, which are based on the state space structures. These
so-called blind state-space receivers (BSSR) do not require knowledge of the propagation
parameters or spreading code sequences of the users but relies on the statistical
independence assumption among the source signals.

Lastly, system realization of one of the developed algorithms has been explored
among ASIC or FPGA platforms in terms of cost, effectiveness, and economics of scale.
Based on our findings of current stat-of-the-art electronics, programmable FPGA designs
are deemed to be the most effective technology to be used for ICA hardware

implementation at this time.
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PREFACE

In Chapter 1, we provide the background needed to understand Blind Source
Separation Problems. We provide the definitions and theoretical background necessary to
understand Blind Techniques. We also address our motivations, problem definitions and
some concepts that are essential to grasp the topics covered by the different chapters of
this dissertation; namely, Blind Techniques in Wireless Communication, State Space
Approach and Adaptive Framework for Blind Source Separation.

In Chapter 2, we perform a thorough review of the BSS\ICA algorithms, and then we
give an overview of the ICA algorithms and emphasize the approaches that influenced
our work. We also study some of the methods that have been developed to solve the ICA
problems in the case of instantaneous and convolutive mixtures.

In Chapter 3, we propose a new Convex Cauchy—Schwarz Divergence (CCS-DIV)
measure for Blind Source Separation (BSS) and unsupervised learning of acoustic and
speech signals. The CCS-DIV measure is developed by integrating convex functions into
the Cauchy—Schwarz inequality. By including a convexity quality parameter, the measure
has a broad control range of its convexity. With this measure, a new CCS—ICA algorithm
is structured and a non-parametric form is developed incorporating the Parzen window-
based distribution. Moreover, the CCS—ICA algorithm has a controlled speed towards
timed convergence. Also, A two pairwise iterative schemes are proposed to tackle the
high dimensional problem in the blind source separation BSS.

In Chapter 4, we present a frequency-domain method based on robust independent

component analysis (RICA) to address the multichannel blind source separation (BSS)
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problem of the convolutive speech mixtures in highly reverberant environments. We
apply an algorithm to separate the source signals in adverse conditions, i.e.: high
reverberation conditions when the short observation signals are available. Furthermore,
we study the impact of several parameters on the performance of separation, e.g.
overlapping ratio and window type in frequency-domain method. We also compare
different techniques to solve the permutation ambiguity.

In Chapter 5, a new blind detection algorithm, based on fourth order cumulant
matrices, is presented and applied to the multi-user symbol estimation problem in Direct
Sequence Code Division Multiple Access (DS-CDMA) systems. The blind detection is to
estimate multiple symbol sequences in the downlink of a DS-CDMA communication
system using only the received wireless data and without any knowledge of the user
spreading codes. The proposed algorithm takes advantage of higher cumulant matrix
properties to reduce the computational load and enhance performance.

In Chapter 6, we develop three update laws in order to enhance the performance of
the blind detector based on the state space structures. Bit error rate (BER) simulations of
these methods are shown for different number of users, signal to noise ratio (SNR) and
different number of symbols per user in comparison with the Blind Multiuser Detectors
(BMUD), Linear Minimum mean squared error (LMMSE) and other conventional
detectors.

In Chapter 7, we introduce a constrained blind multiuser detection in order to
improve its performance with imposing the regularization parameter to cope the ill-
conditioning problem of the covariance matrix and to mitigate the performance

degradation.
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In Chapter 8, we investigate the ICA algorithms in terms of hardware
implementation. Although software implementation is important to investigate the
capabilities of ICA algorithms and to simulate significant aspects of applications,
Hardware implementation provides real time solutions and an optimal parallelism method
in terms of fast convergence. Furthermore, software implementation may suffer from
insufficient memory problems because the large data sets of the ICAs’ applications and
its high dimensionality. Thus, hardware implementations are a promising approach to
implement the ICA algorithms and they are executed by Integrated Circuit (ICs). Owning
the high speed processing and the parallel architecture features make the hardware
implementation outperforming the software implementation in terms of sufficient
memory and fast convergence. Finally in Chapter 9 we conclude the dissertation and

highlight directions for future work.
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1 Chapter 1

Introduction

Blind techniques have been used in studies since the 1980°s, when the first
adaptive equalizers were designed for digital communication [1]. The problem with using
this technique was to estimate an unknown linear single input signal output (SISO)
stationary channel, without any knowledge about the input signal. The word “blind”
implies that all signal processing techniques recover both the unknown mixing systems
and unknown sources based only on the observations [1], [2].

The Blind Source Separation (BSS) problem was found in the framework of
neural modeling around 1982 by Bernard Ans, Jeanny Herault and Christian Jutten [1]. It
then gained considerable attention in more diverse research areas after Comon published
his pioneering paper in a signal processing journal on Independent Component Analysis
(ICA) in 1994 [7]. In 1995, Bell and Senjnowski were boosting the ICA topic by
developing the infomax algorithm [18]. Meanwhile, the well-known JADE algorithm was
proposed by Cardoso and Soul, in 1993 [16]. Although various BSS algorithms have
been developed with numerous contrast functions for optimization over the last decade,
BSS is still considered one of the most important research topics in signal processing. It

has generated a lot of interest in the last decade [1], [3].
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Figure 1.1: Illustration of the BSS Problem [2]

BSS is considered to be an unsupervised stochastic method which separates the
underlying source signals from their mixtures, without any knowledge about the source
signals or the mixing process. Recently, Independent Component Analysis (ICA) has
become a vital algorithm in BSS, Figure 1.1. ICA has been a very important topic in
many research areas [1-3], [12-27], i.e.: biomedical engineering, image processing,
wireless communication systems, speech enhancement, remote sensing, etc. ICA is
related to Principle Component Analysis (PCA) and Factor Analysis (FA) in multivariate

analysis. It specifically corresponds to second order methods in which the components or



factors are a Gaussian distribution. However, the ICA is a statistical technique that
includes higher order statistics (HOS) where; the goal is to represent a set of random
variables as a linear transformation of statistically independent components.

The ICA aims to recover both the unknown source signals and mixing system or
one of them from only observed system outputs. This important research topic includes
several concepts of signal processing, information theory, statistics and probability,
neural networks, etc. The ICA has several applications in many fields such as image
processing, wireless communications, biomedical applications and audio source
separation. In addition, the ICA problem appears in many multi-sensor systems [1]. I[CA
methods are essentially based on parameter estimation, which requires a model of

separating system, objective criteria and optimization methods.

Observed
Output Signals

Source Signals Mixing System

S HorA
X

Figure 1.2: Block diagram of blind source separation
The BSS can be expressed as in Figure 1.2, where S = {sy, s, ..., s,} represents
the n source signals, and X = {xq,X;, ..., X, } represents the m observed signals, A or H

represents the mixing systems which correspond to whatever is static or dynamic. Two



mixture models have been considered. Firstly, linear static mixtures, which assume that
the mixing system A is memoryless, are called linear instantaneous mixtures. Secondly,
the linear convolutive mixtures, which assume that the mixing matrix H is a memory
system, vary with time. In order to solve the BSS problems, we need assumptions to
apply; otherwise this problem is considered to be ill-posted. The common assumption in
BSSMCA field is the mutual statistical independence among the original sources.
Although sometimes this assumption is problematic to establish, it is realistic and fully
justified in several applications. Other suitable assumptions can be used successfully for
solving BSS problems depending on the applications.

In this dissertation, we investigate and study the two models of mixing systems:
instantaneous mixtures model in (1.1) and convolutive mixtures model in (1.2),
respectively.

x(t) = As(t) + v(t) t=12,..,T (1.1)

Where
e A = [ajj]mxn is the memoryless mixing system.
e 5(t) = [Sjtlnxr is the n original source signals to the system
where the T is the sampled length.
o  x(t) = [Xjt]mxr 1S the m observed signals of the system

e v(t) = [nj]nxr 18 the noise and usually assume to be an

additive white Gaussian noise (AWGN)

x(t) =Y:Hgst—d)+v() Vv t=12,..,T (1.2)



Where
e Hy(®) = [hjjg(D]mxn is the mixing matrix at dth delay
which represents d = 1,2, ..., L
e hy(t) is the impulse response of time instant t.

We study these two models intuitively in next chapter. Also, In terms of
applications, we address the problem of BSS in a cocktail party problem [3], [38] and
[120]. In additional, we are going to address its application in wireless communication
systems specifically using blind multiuser detections in CDMA system [89], [75], [59].
Furthermore, a system realization of one of the developed algorithms will be explored

among ASIC or FPGA platforms factoring in cost, effectiveness, and economics of scale.

1.1 Blind Techniques in Wireless Communication

In telecommunication systems [74], [75], [89], [91], the most essential challenge
has been to set up the system based on simultaneous multiuser access in order to get
higher efficient wireless systems. However, several state-of-the-art approaches have been
proposed in literature [74], [85], [94] to overcome this challenge such as the trained-
based systems. These techniques periodically enforce the user to send a known training
sequence for the receiver in order to make the receiver able to estimate the parameter of
the propagation channel. They are caused by the multiple reflections of the radio waves
on the obstacles encountered, e.g. buildings, cars, and trees etc. Furthermore, according
to [60], [74], it has been reported that 20% of the bandwidth is devoted to the training
sequence in a GSM system and up to 40% in a UMTS system. In spite of the good
performance of the aforementioned technique, the cost tends to be significantly large in

terms of bandwidth. The efficiency of most communication systems is based on the
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bandwidth and the transmitted power. However, the blind multi user techniques are a
promising area in wireless communication systems because of its potential to ensure the
high communication rate and spectral efficiently, thereby reducing or disposing of the

training sets.
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Figure 1.3: Wireless Communication Scenario [2]

Blind techniques are considered to be an attractive field of work because the
following reasons: 1) reduce the training sequence; 2) help the trained-based systems
back up in fast-time varying channels and at severe multipath fading, respectively. Also,
Blind techniques help to recover the signals in other situations such as eavesdropping,
where using the training sequence is not possible [59], [74]. For these reasons, we are
motivated to do additional research in this area in order to design a new multi user
detection that performs well in a multipath propagation environment. And, It has to be

more robust to the outlets “versus type of noise” in terms of performance.



1.1.1 Direct-Sequence Code Division Multiple Access

Code division multiple access (CDMA) is a multiplexing technique or a channel
access method that allows several users to access to the same multi-point transmission
medium “RF channel” asynchronously and simultaneously, to transmit over it and to
share its capacity. CDMA is used by various radio communication technologies such as
CDMAONE “the mobile phone standard”, CDMA2000 “the third generation of
CDMAONE, WCDMA “the third generation standard used by GSM carriers”, and
Evolved High-Speed Packet Access (HSPA+) [74]. Although, LTE (4G) is in operation
in many cellular companies inside and outside the U.S., the networks are still not fully
built out, and LTE coverage is still not universal. Thus, the most of the older 2G and 3G
systems are still in charge or at least working in parallel with the 4G as in U.S.
companies, AT&T and T-Mobile use GSM/WCDMA/HSPA while Verizon, Sprint, and
MetroPCS use cdma2000/EV-DO. Moreover, The LTE wireless interface is incompatible
with 2G and 3G networks, so that it must be operated on a separate wireless spectrum.
Nevertheless, 3G is intended to be replaced by 4G technologies sooner or later, but it is
going to take a long time before the LTE coverage is developed to be fully operated and
universal, especially in some countries worldwide, such as India, Pakistan, Iraq ... etc.
[141,[142].

One of the most interesting concepts in data communication is the idea of
allowing multiusers to share and send information simultaneously over a single
communication channel. This means, several users share a band of frequencies called
“Bandwidth”. Despite the fact that the CDMA is suitable for satisfying the demand for

higher data rates and an inherent capability of CDMA is resisting interference and



providing a secure channel, Multiuser detection in CDMA systems usually suffers from
the multi-access interference (MAI) and inter-symbol interference (ISI) due to the non-
ideal cross-correlations between users’ spreading sequences. The concept of spread
spectrum communication was proposed for military purposes and used in anti-jamming
techniques. Later, the spread spectrum techniques were employed to civilian purposes.

In highly loaded systems [74], [88], conventional detectors are considered an
unsuitable choice, since most of them suffer from the external interference sources such
as adjacent channel interference or jamming, and treat the interference as an additional
background noise. These drawbacks have motivated development of numerous
interference rejection techniques [89], [91].

In CDMA literature [74], [76], most of the conventional Multiuser detection
methods assume the low statistical correlation between desired users and interfering ones,
which motivated them to use the SOS properties of the received data. Thus, one relatively
new idea is to extend the work on higher order statistics (HOS) in order to make the
methods robust and secure against incomplete cross-correlation and a near-far problem,
which are considered to be additional drawback factors in conventional detection
methods. BSS based on HOS [1], [2] [8-21] are able to recover the signals from the
mixtures without any knowledge about the waveform structure “modulation” and mixing
coefficients. Lastly, the adaptive LMMSE detector has been proposed to overcome the
complex matrix inversion operation, but this detector still needs the spreading codes of all
users. Therefore, the Adaptive MMSE detector might not be realistic in the downlink
receiver. Therefore, one of the main emphasizes in this dissertation is to develop and

implement the BSS/ICA algorithm to assist Multiuser detection methods in order to



mitigate different types of interference sources in CDMA system, especially in DS/W

CDMA downlink systems.

1.1.2  Why Blind

Blind Multiuser detectors are promising because they only require the received
signal with neither prior knowledge of any training signals nor the user spreading codes
in order to equalize the channels and estimate the multiple symbol sequences associated
with all users in CDMA systems. On the other side, several state-of-the-art approaches
have been proposed in literature to overcome this challenge such as the trained-based
systems [74], [85- 86]. These techniques periodically enforce the user to send a known
training sequence for the receiver in order to make the receiver able to estimate the
parameter of the propagation channel. In spite of the good performance of the
aforementioned technique, the cost tends to be significantly large in terms of bandwidth.
The efficiency of most communication systems is based on the bandwidth and the
transmitted power. Therefore, the blind techniques usually perform well and more robust
in terms of the estimation the symbol under the ill-condition environment i.e. under
severe multipath fading channels. One can also incorporate prior information such as
spatial knowledge or a set of short training sequences if available, in order to construct
the semi-blind detectors [75], [78], [89], [91], [96].

The reasons to apply the blind multiuser detections are as follows [2]:

1) Training examples for interference are often not available [74], [78].

2) In rapid time varying channels, training may not be efficient [79].



3) Capacity of the system can be increased by eliminating or reducing
training sets [60], [74].

4) Multi-path fading during the training period may lead to poor source or
channel estimations. [87-89]

5) Training in distributed systems requires synchronization and/or sending a
training set each time a new link is to be set up. This may not be feasible

in a multi-user scenario [90 -93].

1.1.3 CMDA SIGNAL MODELS

In this section, we briefly present the signal model for a CDMA implementation
using one layer of spreading codes only. Next, we briefly describe the DS-CDMA signal
and WCDMA signal models in a typical synchronous CDMA system employed for

indoor ATM and certain ad hoc wireless networks [75], [81], and [89].

1.1.3.1 DS-CMDA Receiver Signal Model
In a DS-CDMA system, several users share the medium simultaneously by using
their own signatures. The simplest received signal model r(t) before filtering in a symbol
interval is given by
r(t) = Y=t Zk=1 2120 Umbimsk(t — mTy — diTe) + n(t) (1.3)
where
v' 1k, and m represent the path, user and symbol indices,
respectively.
v' oy is the path gain since in downlink model; the path

gain does not differ among users because all users’
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signals are sent together and the path gain «;, and
propagation delay factor d; depend only on the number
of paths.

v bym is symbol.

v si(.) is spreading code ( chip sequence)

v’ d, is the propagation delay factor, d; € {0, 1, ..., %}

v Cis the number of chips per symbol.

v Ty, Tt are time , symbol and chip duration,
respectively.

v n(t) is an additive white Gaussian noise (AWGN)

channel.

In this dissertation, the system is assumed to be time-invariant which means that
the channel parameters are much slower than the frequency of the transmitted
symbol data. However, let us assume that G is the number of code sequence, K is the
number of users, and L is the number of channels; thus, the vector form of the
equation (1) will become:

r =HSb+n (1.4)

Where r is the received vector signal, H is an (G + L — 1) x G matrix which
represents the multipath propagation coefficients, S is an G x K block diagonal
matrix, b is an K—d vector which represent the data symbols and n is the
(G+ L —1) — d channel noise vector with covariance matrix Q. This model received

signals (2) is suitable for deriving the linear symbols detectors such as the MF, the
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RAKE, the LMMSE and the blind Detectors based on FastICA and Robust ICA

algorithms [89], [88] - [75] .

An alternative signal model is proposed in [89], [81] as a linear convolutive

model given by:

where

rh, = Hobn + Hlbn—l + n, = HEn + n, (15)

T, is the received signal vector;
b, = [b;(n), ...,bx(n)]T is a current bits of all users;

Hy = [hy, ..., hy] is signature matrix of the current bits of

all users including MAI,
0
h(0)
h, = '
Lh (N —d; — 1)1

L (1.6)
H; = [hy, ..., hy] is the signature matrix of the previous
bits of all users including ISI;
where

[ h (N —dg) ]

mm¥M—n
) 0 (1.7)

H = [ Hy; H{] is the signature matrix of all users;

b, = [by(n), ..., bx(n)]T are currents bits of all user;

b,_1 =[b;(n—1),..,bx(n — 1)]" are previous bits of all
users;

b, = [bF; bI_,]7 are bits of all users;

12



v n, = [n(nN),..,n(nN + N — 1)]Tis independent white
Gaussian Noise vector.

In uplink (asynchronous) CDMA systems, one can assume that H, and H; are
mutually independent. Therefore, H is a full column matrix and its rank is 2K as shown in
[88], [89]. In downlink (synchronous) CDMA communication [75], [81], H is a matrix,
has full-rank and less restrictions as seen in [89]. In additional, our proposed algorithms
are working well in asynchronous CDMA system [83], [81], the main focus in this

dissertation is the synchronous CDMA communication system.

1.1.3.2 WCDMA Receiver Signal Model

In a WCDMA system, the presence of scrambling codes makes the system different
from the DS-CDMA system. The main reason behind the MAI in the WCDMA system is
the intra-cell multiple user signals sharing the same multipath channels. However, the

simplest received signal model r(t) before filtering in a symbol interval is given by:

M K L
r(t) = Z Z Z Wb mCi (t — d;T) s (t —mT, — d;T.) + n(t)

m=1k=11=0
(1.8)
Where ¢, (t) € {£1 +j} are the complex cell-specific scrambling sequences, the rest
of the variables are defined in a similar manner to the model (1.8). The received signal at
UE/MS is passed through a chip-matched filter and sampled at chip rate. The received

vector r in this case can be expressed as

r=HCSb+n (1.9)
Where C is the G x G complex diagonal scrambling matrix with CCH = I, and the

rest of the variables are defined as similar in (1.9). The form of C is given by:

13



C = diag[c; ¢3.. c3] (1.10)
Where

ceE{tl +j} V1<i<G

1.2 The State Space Framework

In this dissertation, we investigate the state space framework in order to design a
blind multiuser detection based on the state space approach. The Linear State Space
approach is an extension of the static “instantaneous” ICA model which easily extends
further to a flexible nonlinear model as in [2], [95].

Despite the fact that it is one of the most powerful tools in terms of Blind Source
Separation, there are several reasons that have made us interested in this specific model
[2]. [95], [135]:

1. Flexible and Universal Linear Model: the mixing and filtering processes in the
state space approach may have different mathematical and/or physical models, i.e.
multichannel deconvolution models (MCD), Finite Impulse Response (FIR),
Moving Average (MA), Autoregressive (AR) and Autoregressive Moving
Average (ARMA), etc [2].

2. Many canonical realizations: it provides us with many canonical realizations of
the same dynamic system using the equivalent transformations.

3. The Linear State Space approach is an extension of the static “instantancous” ICA
model and it is easy to extend it further to a flexible nonlinear model.

4. The state space models provide us two subsystems with different update
approaches, 1) a linear and memory less output layer 2) a non-linear or linear

recurrent networks.
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5. Recoverability: the inverse of the state space representation depends on the

invert-ability of the mixing matrix between the input and the output.
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Figure 1.4: Conceptual State-Space model which illustrates the general linear

state-space mixing and self-adaptive demixing model for Dynamic ICA [2].

1.3 Adaptive Framework for Blind Source Separation

Generally, the BSS consists of recovering the unobserved sources, denoted in
vector notation as s(t) = (s1(t),sz(t), ...,s,(H))T € R", with assuming zero mean and
stationary with observed mixtures, X(t) = (X1 (t),%2(t), ..., xn ()T € R™, which can be

written:

x(t) = O(s(D) (1.11)
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Where @ is an unknown mapping from R™ in R™, and t represents the sample
index, which can stand for instance of time; so, we can divide the BSS problems based on
the type of @ mapping into two groups, one called the invertible mixtures and second

called Underdetermined mixtures “non-invertible” [1].

1.3.1 Invertible Mixtures

If the mapping & is invertible, which means satisfying the conditionm > n,
where m and n are the numbers of sensors and the number of sources, respectively. In
this case, identification of @ or of its inverse, directly leads to source separation, i.e.

provides estimated sources y(t) such that:

y(t) = Wx(t) = WxxHx*s(t) =P x*D *s(t) (1.12)

Where

P —is a generalized permutation matrix.

D — is a scaling matrix which is a diagonal matrix.

This equation shows typical indeterminacies of BSS problem. According to the
nature mixing, BSS problem can be more or less complicated. For example, simple
instantaneous mixtures when @ is restricted to a simple mixture A, sources are estimated
up to a permutation and a scale. Invertible mixtures can be divided into following two

categories [1]:

1.3.1.1 Instantaneous mixtures
One modest approximation is to assume that the mixing system A in Figure 1.2 is

instantaneous, assuming that A is a mixing matrix, n(t) is an additive noise, s(t) is the
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source signals and x(t) is the observed signals, then the instantaneous model can be

expressed as follows:

x(t) = As(t) + n(t) t=12,..,T (1.13)
EAGh 7s1 ()7 [ni(0)]
2O [0 227 N s0] [no

' =|l JI S S (1.14)
PO) I PAWEOY B P EOY

For notational and mathematical convenience, we will assume that we have the
number of observed signals equal to the number of source signals, i.e.: m = n. We also
assume that the mixing matrix A is a full rank matrix. In addition, we assume that the
noise in the mixtures is an additive Wight Gaussian noise.

The BSS problem aims to retrieve the original sources from the given
observations. In the instantaneous model, we only need to estimate un-mixing matrix W
that equals the inverse of the mixing matrix W = A1 to recover the original signals s(t)
almost directly. Estimate the unmixing matrix W = A'from a given set of
observations x(t) that can retrieve the original signals via a linear transform:

y(t) =Wx(t) =s(t) t=12,..,T (1.15)

In order to measure the performance of the separation algorithm, we use the
performance matrix G,

G=WA=xI (1.16)
where | is an identity matrix. Ideally, the performance matrix G would be closed

to an identity matrix for an efficient separation algorithm. Despite the fact that the
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separated sources y(t) may not be the same order and scale as the original sources, the

matrix G should be an identity up to scale and a permutation.

1.3.1.2 Convolutive Mixtures

A convolutive mixture can be considered as a natural extension of the
instantaneous BSS problem. Assume an m-dimensional vector of received discrete time
signals x(K) = [x1(K), X3 (K), ..., X (K)]" at time k is assumed to be produced from an n-
dimensional vector of source signals s(k) = [s1(k),s3(K), ..., s, (K)]T, where m > n, by
using a stable mixture model [2]:

X() = ) Hys(k—p) = Hy 50K,

p=—o0

with X2, [[Hp|| < oo (1.17)

Where * represents the linear convolution operator and Hyis an (m x n) matrix of
mixing coefficients at time-lag p.

Assume that elements h;;;, denote the coefficients of the Finite Impulse Response
(FIR) filter H, , and L is the maximum unknown channel length. Then, the noise-free
convolutive model is written as follows:

x(k) = T H,s(k — p) (1.18)
Thus, one can find an approximate inverse channel matrix Wy, in order to recover

the source signals s(k) = [s1(k), s(K), ..., Sy, (K)]" such that
y(k) = W, #x(K) = Z221 Wyx(k — p) = 5(K) (1.19)
where Q is the length of the inverse of the channel impulse response. However,

there are two approaches to solve this problem and recover the source signals. In time
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domain approaches, they have several general drawbacks such as Q should be selected at
least equal to the unknown true channel L. Therefore, for long mixing filter, which means
long transfer functions, the computation will be expensive [2], [133]. Also, using the IIR
filter instead of long FIR filter to overcome this problem really suffers from the
instability and need to invert the non-minimum phase filters [2], [38], [133]. Moreover,
timing approaches are sensitive to channel order mismatch — see [2], [133] for a recent
survey. However, time domain methods are suitable and very efficient for small mixing
filters such as in communication channel [133]. For all these limitations, we focus our
study on frequency approaches to solve the cocktail party problem [3], [38]. Also, the
main advantage of a frequency domain BSS approach is the ability to apply the set of any
instantaneous ICA algorithms to solve the convolutive BSS problem. On other hand, the
main challenge of BSS in the frequency domain is to deal with the permutation and
scaling ambiguities - see [1], [3], [38] for a recent survey.

However, one can re-map the aforementioned BSS models into frequency
domain by applying the Discrete Fourier Transform (DFT) on the observed signals x(k)
in order to transform it to the instantaneous mixtures problem as follows

x(k) = H=*s(t) x(q,w) = H(w)s(q,w) (1.20)
where w is a frequency index, q is a frame index, s(q, w) = [s1(q, W), ...,
Sm(q,w)]" and x(q, W) = [x1(q, W), ..., X(q, W)]™.

In the previous equation, it is considered to be valid only for periodic signals s(t)
[3]. However, it is approximately valid if the time-convolution is circular. Therefore, to
ensure that the time convolution is circular, it requires making the Fourier Transform

length significantly larger than the maximum length of the mixing channels L [3]. In [38],
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they imposed the spectral smoothing approach in order to mitigate the circularity effect in

frequency domain BSS methods. We will study these effects intuitively in next chapter.

1.3.2 Underdetermined mixtures

If the number of observations (sensors) m is less than the number of sources n,
the mixing process is referred to be underdetermined (not invertible) [1], [52], [53].

The separation processes can be attained successfully in the frequency-domain up
to scaling and permutation ambiguities under the assumption that the mixing matrix H (f)
is full column rank at each frequency bin. However, when the number of source signals
is more than the number of sensors, the assumption on the mixing matrix H(f) becomes
not valid. So, in this case the problem is more difficult since the mixing matrix H(f)
becomes ill-conditioned matrix which means the mixing matrix H(f) is not left pseudo-
invertible. However, a lot of work has been done in order to perform a good separation
process in the case of the instantaouse mixture [1]. However, there are not so many works
that has been done on the underdetermined case in the convolutive mixture [1], [38]. In
the literature, the well-known algorithm of such method is the DUET algorithm which is
proposed by Rickard et al [2], [3], [38] and [117]. The DUET algorithm assumes a
specific delayed model that only works for audio signals with small delay, e.g. hearing
aid etc. The DUET algorithm performs the separation processes using the two sensors in
order to compute two parameters amplitude differences and phase differences between
the source signals. Several papers were published to develop and enhance the
performance of the DUET algorithm in [3], but their performance in real reverberant

environment is still limited. One of the promising approaches in this field is to convert
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some of the underdetermine cases of the instantounous mixture into the frequency

domain in order to tackle the underdetermined problem in the convoluvtive mixture as

presented in the literature [1], [3], [38].

1.4 Dissertation Contributions

The contributions of this thesis are summarized as follows:

We perform a thorough review of the BSS\ICA algorithms, and then we give
an overview of the ICA algorithms and emphasize the approaches that
influenced our work. We also study some of the methods that have been
developed to solve the ICA problems in the case of instantaneous and
convolutive mixtures.

Independent Component Analysis (ICA) is a crucial tool in Blind Source
Separation (BSS). In this thesis, we present a new Convex Cauchy—Schwarz
Divergence (CCS-DIV) measure for Blind Source Separation (BSS) and
unsupervised learning of acoustic and speech signals. This CCS-DIV measure
is developed by integrating convex functions into the Cauchy-Schwarz
inequality. By including a convexity quality parameter, the measure has a
broad control advantage of its convexity. With this measure, a new CCS—-ICA
algorithm 1is structured and a non-parametric form is developed incorporating
the Parzen window-based distribution. Furthermore, the CCS—ICA algorithm
has a controlled speed towards timed convergence. Several case-study
scenarios were carried out on instantaneous and noisy mixtures of speech
signals. Finally, the superiority of the proposed CCS-ICA algorithm is

demonstrated in metric performance comparison with FAST ICA, Robust

21



ICA, convex ICA (C-ICA), and other existing algorithms based on mutual
information and Jenson’s inequality.

Two pairwise iterative schemes are proposed to tackle the high dimensionality
problem. Two pairwise schemes non-parametric independent component
analysis ICA algorithms based on a new high-performance Convex Cauchy—
Schwarz Divergence (CCS-DIV). These two schemes enable fast and efficient
de-mixing of sources in real-world applications where the dimensionality of
the sources is high. Finally, the performance superiority of the proposed
schemes is demonstrated in metric-comparison with FastICA, RobustICA,
convex ICA (C-ICA), and other leading existing algorithms.

We propose a frequency-domain method based on robust independent
component analysis (RICA) to address the multichannel Blind Source
Separation (BSS) problem of the convolutive speech mixtures in highly
reverberant environments. We impose regularization processes to tackle the
ill-conditioning problem of the covariance matrix and to mitigate the
performance degradation in frequency domain methods. We apply an
algorithm to separate the source signals in adverse conditions, i.e. high
reverberation conditions when short observation signals are available.
Furthermore, we study the impact of several parameters on the performance of
separation, e.g. overlapping ratio and window type in the frequency domain
method. We also compare different techniques to solve the permutation
ambiguity. Through simulations and real-world experiments, we verify the

superiority of the presented algorithm among other BSS algorithms, i.e.

22



recursive regularized ICA (RR-ICA), independent vector analysis (IVA) and
others.

Code Division Multiple Access (CDMA) is a channel access method used by
various radio technologies and it is based on spread-spectrum technology. In
general, CDMA is used as an access method in many mobile standards such as
CDMA2000, and WCDMA. We address the problem of blind multiuser
equalization in the wideband CDMA system, in the noisy multipath
propagation environment. Herein, we propose three new blind receiver
schemes, which are based on the state space structures. This so-called blind
state-space receivers (BSSR) does not require knowledge of the propagation
parameters or spreading code sequences of the users but relies on the
statistical independence assumption between the source signals. Also, we
develop and derive three update-laws in order to enhance the performance of
the blind detector. Additionally, we upgrade three semi-blind adaptive
detectors based on the corporation between the RAKE receiver and the
stochastic gradient algorithms which are used in several blind adaptive signal
processing algorithms, namely FastICA, RobustICA, and principle component
analysis PCA. Bit error rate (BER) simulations of these methods are shown
for different number of users, signal to noise ratio (SNR) and different number
of symbols per user in comparison with the Blind Multiuser Detectors
(BMUD), Linear Minimum mean squared error (LMMSE) and other
conventional detectors. The results show that the proposed algorithm

outperforms the other detectors in estimating the symbol signals from the
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mixed CDMA received signals. Moreover, the new blind detectors mitigate
the multi access interference (MAI) in CDMA.

A new blind detection algorithm, based on fourth order cumulant matrices, is
presented and applied to the multi-user symbol estimation problem in Direct
Sequence Code Division Multiple Access (DS-CDMA) systems. The blind
detection is to estimate multiple symbol sequences in the downlink of a DS-
CDMA communication system using only the received wireless data and
without any knowledge of the user spreading codes. The proposed algorithm
takes advantage of higher cumulant matrix properties to reduce the
computational load and enhance performance. Bit error rate (BER)
simulations of this algorithm are shown for different number of users, signal
to noise ratios (SNR) and different number of symbols per user in comparison
with the FAST ICA and Robust ICA algorithms. The results show that the
proposed algorithm outperforms both ICA-based detectors in estimating the
symbol signals from the received mixed signals. Moreover, the proposed blind
detector is computationally fast and exhibits high convergence speed in
extracting user symbols.

In direct sequence code division multiple access DS-CDMA communication
system, the blind multiuser detection is presented for enhance the
computational complexity and mitigate the multiple access interference (MAI)
in the detector. The ill-condition of the covariance matrix of the received
signals degrades the performance of the linear minimum mean-squared error

LMMSE detector. Especially, when the Signal to noise ratio is high and small
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data set is available for covariance matrix estimation. In this thesis, we
introduce a constrained blind multiuser detection in order to improve its
performance with imposing the regularization parameter to cope the ill-
conditioning problem of the covariance matrix and to mitigate the
performance degradation. Through simulation results, we show that the
proposed method improves the performance of the blind multiuser detection
and outperforms the conventional multiuser detections.

Lastly, we investigate the ICA algorithms in terms of hardware
implementation. Although software implementation is important to investigate
the capabilities of ICA algorithms and to simulate significant aspects of
applications, Hardware implementation provides real time solutions and an

optimal parallelism method in terms of fast convergence.
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2 Chapter 2

Literature Review

In this chapter, we perform a thorough review of the BSS\ICA algorithms, and
then we will give an overview of the ICA algorithms and will emphasize the approaches
that influenced our work. We will study some of the methods that have been developed to
solve the ICA problems in the case of instantanecous and convolutive mixtures,
respectively. Finally, for a more thorough review on ICA problems, applications and
methods, we recommend referencing one of these valuable books: “Handbook of Blind
Source Separation Independent Component Analysis and Applications” [1], “Independent
Component Analysis in frequency domain” [3] and “Adaptive Blind Signal and Image

Processing: Learning Algorithms and Applications” [2].

2.1 Introduction

Independent component analysis (ICA) considers a vital algorithm in Blind source
separation (BSS). ICA algorithms based on the information theatric approach are
attractive and have been considered a hot topic in signal processing for the last two
decades due to its potential in areas such as biomedical, wireless communication system,
audio separation and identification, etc. The goal of ICA is to recover the original source

signals from the mixtures without any further knowledge about the mixing coefficients
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and the original sources. However, ICA is a statistical technique that includes higher
order statistics (HOS), where the goal is to represent a set of random variables as a linear
transformation of statistically independent components [1-3].

The idea of BSS was first introduced by J. Herault, C. Jutten and B. Ans) who
worked in neurophysiologies in the early 1982s [1]. They proposed a blind method to
separate the natural impulses coming from different parts of human body. [5], [40],[41].
Meanwhile, telecommunications related applications of ICA have been proposed even
earlier in MIMO systems [62],[101], [117], [118]. Also, ICA has been investigated and
implemented in several applications such as audio and biomedical signal processing and
feature extraction. An extensive review of the history of ICA and its applications is given
in [53], [56], [57]. BSS methods have several interesting applications. In finance, they
use the BSS algorithms to find the independent factors in data [74]. In Image processing,
they use the BSS algorithm to help estimate the best independent basis for compression
or denoising [14-16]. They are also used in biomedical signals, like in an EEG [11] or an
ECQG, for analysis purposes [1-2]. In audio, they use the BSS algorithms to identify the
sounds or separate the audio signals as in the cocktail party problem [1-3], [51].
However, one of the most interesting applications of the BSS is in wireless

communication systems.
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etc., in order to emulate this human behavior, researchers carry out the BSS idea from the
way our brain tackles this problem. Much research has been done over the last two
decades in BSS and ICA areas.

Recently, researchers proposed several BSS methods based on the frequency-time
analysis [3], [50] or using regularization algorithms [20], [21]. They conducted the matrix
factorization based on frequency-time analysis in order to get inproved performance and
speed up the convergence as in [4], [36], [47] and [49]. They also investigated the BSS
singles channel problem extensively in [14], [19] and [42]. Additionally, they employed
the independent vector analysis for joint BSS over multiple datasets [2] and studied the
sparse analysis in order to estimate the demixing matrix W due to a quadratic programing
technique and to deal with nonnegative BSS problems. However, sparse component
analysis was proposed in [50]. Despite all of these methods, they are not considered a
case of non-stationary conditions, the uncertainty of parameters in general ICA model
and the effects of noise signals.

On other hand, one can express the mixing system in various models based on the
non-stationary mixing coefficients and source signals in real-world recording. This
complicated circumstance may explain two scenarios. One can assume that the sources
are moving or the sources have disappeared. However, several works have been done on
both scenarios individually. Usually, for the scenario where the sources are moving, the
source distributions and the number of sources is assumed to be fixed. Thus, an adaptive
BSS algorithm has been proposed to compensate for the variations of a mixing matrix. In
[118], they applied the Markov process to hold the variation of the sources signals. Also,

the status of source signals was detected using the 3-D tracker, where if the sources were

29



moving, they added a beam-forming algorithm to BSS methods in [119]. Several
researchers have characterized the time-varying of the source distributions by automatic
relevance determination (ARD) techniques [120], [121], [122]. The switching ICA
algorithm [123] was proposed in order to detect the absence sources or the ones present.
S-ICA algorithm used a hidden Markov model in order to represent the status of the
source signals and it assumed that the generative model was fixed. In [123], they studied
the replacement of source signals. An online vibrational Bayesian (VB) learning was
used in [120]; they proposed a new online ICA algorithm based on VB learning to
separate the dependent source signals. In [125], they proposed the ICA algorithm based
on the piecewise non-Gaussian stationary model in order to separate the non-Gaussian
signals which have the varying distribution, refer to Figure 2.1 to see the root of BSS

problems.

2.2 Principle Component Analysis (PCA)

Principle Component Analysis (PCA) is one of the most well-known algorithms
in multivariate analysis and data mining. It was established by Pearson [2]. He proposed a
general framework of the PCA algorithm in biological context. Recently, there have been
many efficient and powerful adaptive algorithms PCA which have been proposed and
developed for PCA [1].

Generally speaking, the PCA aims to derive a smaller set of variables with less
redundancy while retaining as much of the information from the original variables as
possible. In other words, PCA is a mathematical tool that uses orthogonal transformation
in order to convert a set of observations, which might be correlated variables, into a set of

values of linearity uncorrelated variables referred to as the principle component. The
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most important objectives of PCA are dimensionality reduction, determination of linear
combinations of variables, feature selection (choosing the most useful variables),
visualization of multidimensional data, identification of underlying variables, and
identification of groups of outliers.

Assume we have a random vector x with T elements and there are m observations
of this vector. In order to transform a set of observations x into a set of values of linearity
uncorrelated variables u, we can apply the PCA to the observed data x as follows:

The first step will be to remove the dc component of observed data x as follows:

x =x — E[X] (2.1)

The operator E[.] is the expectation value of x. In this dissertation, we use the
expectation operator for the theoretical analysis. For the practical simulation of the
algorithms, we will find that the expectation depends on the type of learning algorithms.
For batch learning algorithms (offline) we will use the sample mean, whereas, for the
stochastic learning algorithms we will drop the expectation and use the actual expression
inside the expectation. Then, one can convert the PCA to the eigenvalue problem of the
covariance matrix of X, which is essentially equivalent to the well-known transformation
(Karhunen-Loeve transform) which is used in signal processing, as follows:

Ry = E[x()xT(®)] = VAVT e R™™  vt=1,2,..,T (2.2)

Where xTis x transpose, A = diag{A;, A, ..., Ay, } is a diagonal matrix that contains
m eigenvalues and V = [V, V,, ..., V] € R™™ is corresponding orthogonal or unitary
matrix that consists of the unit length eigenvalues called principle eigenvectors. The
Karhunen-Loeve-transform [2] sets up a linear transformation of an observed vector x as

follows

31



yp = Vix (2.3)
Where x = [x;(t),X5(t), ..., xpn (©)]T is the zero-mean observed vector (input
vector), yp = [y, (1), ¥2(0), ..., yn(D]T is the output vector referred as the vector of
principle components (PCs), and Vg = [v4,Vy, ...,Vy]T € R™M s the set of signal
subspace eigenvectors, with the orthonormal vectors v; = [Viy,Vig, ..., Viml ', (i.€.
A vj = 8;) Vj <1i(8;) is the Kronecker delta. The vectors (vi Vi=1,2,..,n) are
the eigenvectors of the covariance matrix Ryy , while the variances of the PCs y; are the
corresponding principal eigenvalues. Therefore, we can re-formulate the equations as
RyxVi =Av; Vi=12,..,n (2.4)
Where v; are the eigenvectors, A; are the corresponding eigenvalues and Ry, =
E[xxT] is the covariance matrix of zero-mean signal x and E is the expectation operator.
Also we can re-write the equation (2.4) in a matrix form VTR,V = A where A is the
diagonal matrix of eigenvalues of the covariance matrix Ryy. However, to compute the
eigenvalues and corresponding eigenvectors of the covariance matrix Ry, one might use
the Single Value Decomposing method [2], which is referred as prewhitening or
decorrelation of input data, to transform the observations to a set of orthogonal
(decorrelated) signals. However, The PCA algorithms carry out principle components
where they are uncorrelated, i.e. they are orthogonal. However, PCA didn’t recover the

sources from the observed data mixtures.

2.3 Independent Component Analysis (ICA)
The concept of Independent Component Analysis (ICA) is a vital algorithm for

the BSS [1]. P. Comon [7] was the first to describe the fundamentals of this technique
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and defined its name in 1994. ICA has been succeeding as an attractive algorithm since it
has been applied in many diverse fields as a method that can retrieve the original sources

from the linearly mixed independent components.

2.3.1 The Instantaneous ICA Framework

An instantaneous ICA mixtures model with n source signals is defined as
X=As+v (2.5)
Where A is an mxn mixing matrix, X represents a matrix with m observed mixed
signal vectors as in (2.6) , s is a matrix with n source signals as in (2.7) and v is an
Additive Gaussian Noise .
X = [Xq,Xp, e, X" (2.6)
s = [S1,S2, ..., Sp] " ' (2.7)

In general, ICA framework carries out with the following assumptions:

1. The source signals s are assumed to be statistically independent, which means

that:
p(s) = p(s1,S2, -, Sn) = P(s1)p(s2) ... P(sn)

2. No more one source signal has Gaussian distribution. Since, the mixing matrix A

is not identifiable for more than one Gaussian Independent Components. [12],
[14].

For simplicity, we will assume that A is square, i.e. m = n, for the rest of analysis.

The main idea of ICA is to recover the source signals from the observed signals without

any knowledge about the source signal or the mixing matrix. In order to achieve this
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purpose, the ICA algorithm computes the weighting matrix W that is equal to the inverse
of matrix A. However, the estimated source signals y is given as below
y = WTx (2.8)
However, it is a linear transformation so we can estimate one of the independent
components due to w'x, where w is a column vector of the demixing matrix W in (2.8).
Generally speaking, ICA methods usually divide into two steps, preprocessing (pre-
whitening) and rotation. Pre-whitening or preprocessing is actually half of the ICA
process. Pre-whitening is based on second order statistics (SOS) and the rotation process
needed to separate the mixtures, which is based on ICA methods. In the next section, we

are going to analyze a basic approach using the pre-whitening method.

2.3.1.1 Preprocessing

Some of adaptive ICA algorithms require pre-whitening, also called sphering or
normalized spatial decorrelation. The preprocessing consists of two steps. The first step
aims to center the mixed signals X by removing its mean of mixed signals as in (2.1).

After mixed signals have centered, we express the centering matrix X as follows

%11 51D x,(2) .. .. %(T)]
T %) %(2) . o %(D)
SRR I N PO — (2.9)

The Eigen-Vector Decomposition SVD [28] can be used to decompose the
covariance matrix of X and its corresponding operation is expressed as in (2.10)

C, = E[xx"] = EDE" (2.10)
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Where E represents the eigenvectors which are orthogonal matrix of mixed
signals, and D expresses in (2.11) represents the diagonal Eigenvalues of matrix Cy.
D = diag(d,,d,, ...,d;,) (2.11)

Thus, the whitening process of X is expressed by (2.12)
1
Z=D2ETx =Vx (2.12)

Where V equals D%ET and represents the whitening matrix or Mahalnobis
transform of X. Equation (2.12) shows that the centered matrix X is a linear transformed to
a matrix Z and the covariance matrix of Z equals to identity matrix [2]. In other words,
the means of the matrix Z is uncorrelated and have a unit variance. Figure 2.2 illustrates
three basic transformations of observed datax: pre-whitening, PCA and ICA,
respectively.

In next sections, we are going to discuss some of the basic approaches in order to
conduct the ICA performance of instantaneous mixtures, and we assume that the additive
weight Gaussian noise terms v in (2.5) are negligible or reduced to be at negligible levels

due to the preprocessing stated in the previous section.

2.3.1.2 Nonlinear function choice (Activation function):

Nonlinear function or Activation function is the source signal model 9(y).
However, it is very important to select a suitable nonlinear function depending on our
source signals. There has been much research regarding this topic. The most suitable ones
for super Gaussian sources and Sub Gaussian sources are proposed by Hyvarinen in [14],
[15], as follows:

For super Gaussian sources which are the source signals having a positive kurtosis

sign, e.g. a Laplacian signal.
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95UP(y) = —2 tanh(y) (2.13)
For sub Gaussian sources which are the source signals having a negative kurtosis
sign, e.g. a uniform signal.

95UB(y) = tanh(y) —y (2.14)

2.3.1.3 The Learning Update Rules
The update rules divide into two categories based on learning procedure, online

learning and offline learning [2].

2.3.1.3.1 Batch Learning (Offline learning):

Batch learning is the kind of algorithms that have an update rule requiring the
whole training sample in every step of iteration. Usually, in batch learning, the update
rule relies on the expectation of observed data x. In practice, the expectation of observed

data x approximated by the mean of observed data x.

2.3.1.3.2 Stochastic gradient (Online learning):

Online learning is the kind of algorithms that have an update rule that doesn’t
require the whole training sample in every step of iteration. Mathematically speaking,
these categories of update rules don’t rely on the expectation of observed data x. In other
words, one might get online learning from the batch learning by dropping the expectation

operator from the offline update rule.

2.3.1.4 ICA based on Maximization of non-Gaussianity
In this section, we will study the ICA algorithm based on the non- Gaussianity
criteria. The non-Gaussianity approach is based on the Center Limit Centre (CLT) which

states that for independent sources their sum will become closer to Gaussian distribution
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than each individual source. The CLT shows that for whitened data (in section 2.3.1),
finding an independent source is equal to finding the direction of w which gives a
component of maximum non-gaussianty [2], [12-16].

For sake of illustration, one assumes that the observed data is X = As and the
weight vector is w. However, in order to find one of the independent components, X that
is y = wTx, the vector wT should be in the row of the inverse matrix A~

y=wlx=vTs (2.15)

Therefore, this implies that, by maximizing the non-gaussianty of y in terms of w,

then, we will get one of the independent components present in x. In addition, this is the

same as we have in the whitened data before applying ICA methods. There are different

criteria for measuring non-Gassianity. Next, we will study some of these criteria.

2.3.1.4.1 Kurtosis Measure
Kurtosis is a dimensionless measure and refers to a fourth order cumulant of a
random variable. Mathematically, one can express the normalized kurtosis of zero mean

random variable in terms of 2nd — 4th order moments as follows:

E 4
kurt(y) = % ~3 (2.16)

The important feature of kurtosis is that kurtosis kurt(y) is equal to zero for
Gaussian random variables. So, kurtosis is a tool to measure the relative sharpness and
flatness of distributions. However, kurtosis with positive sign is termed to the super
Gaussian data and kurtosis with negative sign is termed to the sub Gaussian data.

For sake of optimization, the kurtosis Kkurt(y) expression in (2.16) can be

expressed as follows:

kurt(y) = E[y*] — 3(E[y*])? (2.17)
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This expression is easier to optimize, by omitting the denominator since the term
(E[y?])? is always positive. In this approach, usually the data has to be whitening in
order to ensure that the source signals are uncorrelated and have unit variance, i.e. the
source signals are orthonormal. Then apply the ICA methods to find the direction
of y; = wTx, where kurt(y) is maximized, i.e. the direction of the most non-Gaussian

T

component. After that the orthogonal projection y; = w'x will give us the separated

component.

2.3.1.4.2 Gradient algorithm using kurtosis
After pre-whitened, the observation signals can be expressed as z = Vx so that the
estimated signals y becomes as follows:
y=w'z=wTVx (2.18)
In general, we are beginning from the initial random vector of w, and then
looking for a direction of w at which the value of kurtosis of estimated signals y = w'z
is increasing. In fact, we consider the Maximizing of the absolute value of kurtosis and it
is suitable for both super Gaussian and sub Gaussian signals. However, to perform the

gradient decent method of kurtosis under the constraint that ||w||? = 1 as follows:

alkurt(wTz)|

ow

= 4sgn(kurt(wTz)){E[z(wTz)3] — 3w]||lw]|?} (2.19)
In terms of direction, we can simplify the gradient vector by omitting the scalar

term and the second term. Then, one can update the expression as follows:

W =w + YAw

Aw = sgn(kurt(wTz)){E[z(wTz)3]} (2.20)

— W
W=/ lwl
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2.3.1.5 Fixed point algorithm
In [14-15], Hyvarinen proposed the ICA algorithm that takes advantage of a
Newten-type method (Lagrange Multipliers) for maximizing the Kurtosis in order to
increase the speed and Robustness in previous ICA algorithm. The derivation of a fixed
point algorithm is discussed in depth in [14]. He forms the new update law of an ICA
algorithm as follows:
wt = E[z(w"2)3] — 3w (2.21)
The basic scheme for one independent component estimated is as follows:
1. Prewithening Data, i.e. z = Vx
2. An initial value for the Wight vector w that has ||w|| =1
3. Find the updated weighed vector
wt = E[z(wT2)3] — 3w

4. Normalize and update the weight vector

w Where ||w|| is the norm of w.

AN
lw]|
5. Go back to step 3 until the convergence.

In order to estimate many components, one can apply the previous scheme N-
times to get all sources (components) that exist in the observed data. Notably, we should
always keep each new estimated component orthogonal to the previous one in order to
prevent estimating the same component each time as follows:

1. Prewithening Data, i.e. z = Vx

2. An initial value for the Wight vector w that has ||w|| =1

3. Find the updated weighed vector

wt = E[z(wT2)?] — 3w
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4. Find a projection matrix B then Set
wt =w* — BBTw*
5. Normalize and update the weight vector

W+

Y Twl
Where ||w]| is the norm of w.
6. Go back to step 3 until the convergence.
Practically, the projection matrix B contains all vectors w that calculate to find the
previous components. However, the transformation in step 4 enables the algorithm to

converge to a different component from the previous ones that were discovered.

2.3.1.6 Negentropy Measure
Let us define that J as a negentropy of random vector y where it represents a
normalized version of entropy of a random vectors. In general, negentropy is an
information theoretic tool that is used to measure the distance of random variables from
the Gaussian distribution at the same covariance. Mathematically, we can express J(y)
as follows:
J(y) = H(y®AUSS) — H(y) (2.22)
However, negentropy ] is an appropriate measure of nonGassianity, statistically
[2]. Instead of estimating the negentropy, one can use an approximation of negentroy

that is proposed in [11] as follows:

I(y) ~ = E2[y*] + - [kurt(y)]? (2.23)
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By using the higher order cumulants and taking advantage of a non-quadratic
function G to simplify the approximation of negentropy, one can rewrite the
approximation of negentroy J(y) as follows:

J(¥) = (E[G()] — E[G(W)D? (2.24)

where v represents a Gaussian variable with zero mean and unit variance. Based

on this approximation of negentroy, FastICA algorithm is structured and analyzed in
depth by Hyvarinen in [12].

The gradient algorithm can be estimated in order to produce a fixed point
algorithm as follows (after the pre-whitening):

Aw = pE[zg(w'z)]

w=w/||wl|| (2.25)

Where p = E[G(w'z)] — E[G(V)], and g(y) = aG(Y)/ay.

One of the most common choice non-quadratic functions of g(y), amongst others,
is as follows:
g(y) =tanh(ay),V1<a <2 (2.26)
Practically, the maximum of the approximation of the negentropy of w'z are
occurred at certain optima of E[G(wTz)] under the constraint||w||?> = 1. In order to find a
certain optima, one can solve the gradient of the Lagrangian to zero (Kuhn-Tucker
conditions) [2].
F(z,w) = E[zg(w™2)] + Aw = 0 (2.27)

Newton’s method is used to solve this equation, we have

% = E[zzTg'(WT2)] + Al = E[zzT]E[g'(WT2z)] + Al = {E[g'(WwTz)] + A} (2.28)
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According to the Newton’s method, the update rule becomes as follows:
wt=w— [g—j]_l F (2.29)
Finally, the update rule for the FastICA is
w* = E{z[g(w'2)]"} - E{g' (W Z)}w (2.30)
In general, the FastICA algorithm can be stated up as follows:
The basic FastlICA scheme for one independent component estimated is as
follows [12-15]
1. An initial value for the Wight vector w
2. Find the updated weighed vector
w* = E{Z[g(w"2)]"} — E{g' (W Z)}w
Where the g is a non-quadratic function such as g(y) =y, y=w'X and g’ is
the derivative of the non-quadratic function g.

3. Normalize and update the weight vector

wt

lwll

Where ||w|| is the norm of w.

4. Go back to step 2 until the convergence.

In order to estimate many components, one can apply the previous scheme N-
times to get all sources (components) that exist in the observed data. Notably, we should
always keep each new estimated component orthogonal to the previous one in order to
prevent estimating the same component each time as follows:

1. Pre-whitening Data, i.e. z = Vx

2. An initial value for the Wight vector w that has ||W|| =1
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3. Find the updated weighed vector
w* = E{Z[g(W"Z)]"} — E{g' (W' Z)}w
4. Set
wt =w* — BBTwt
5. Normalize and update the weight vector

W+

T W
Where ||w]| is the norm of w.

6. Go back to step 3 until the convergence.

There is a method that one can use to estimate all independent components
simultaneously instead of estimating each independent component individually. This can
occur by using different learning rules for all estimated signals and apply the symmetric
decorrelation to ensure the convergence in ICA method. The symmetric decorrelation is

as follows:

W= W(WTW)_?l (2.31)

Where W = [wy, Wy, ..., wy] is the matrix of the vectors w;.

2.3.1.7 ICA based on Maximum Likelihood Estimation

In this part, we employ Maximum Likelihood (ML) as a contrast function in ICA
algorithm. ICA based on ML estimation carried out in [28], [29]. Assume that the un-
mixing matrix denotes W7 ~ A~1, thus, we can recall the instantaneous mixture model in
(2.5) as follows:

X = As
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Then the estimated signals are
y = WT'x
Due to a basic property of linear transformed random vectors
px(x) = |det (A™)|ps(s) (2.32)
By the assumption of the statistical independence between the estimated source
signals y and ps(s) ~ py(y), we can show that the probability density of observed data x
is as follows:
px(x) = [det(W)[py(y) = |det(W)|TIi=; pi(yi) (2.33)
Where y; = w{x where w; is a column of elements in W, therefore, we can
express py(x) as follows:
px(x) = |det(W)| T, pi(wi) (2.34)
By constructing the likelihood function of W, as a product of the densities at each
observed signal, we get L(W) is:
L(W) = [T, p;(wi'x) |det(W)] (2.35)
Then, by optimizing the expectation of log-likelihood function L(W) as follows:
E[log{L(W)}] = E[log{ITiL, pi(wi'x) [det(W)I}] = E[ZIL, log{p:(w{'x)}] +
log (|Jdet(W)|) (2.36)
Then, the ML contrast function of W express as follows:
GW) = E[Z{‘zllog{pi(wfx)}] + log (|det(W)]) (2.37)
Now, we are going to use a gradient decent approach in order to maximize

ML, G(W), contrast function with respect to W. However, one can show that:

oG(W)

—o0 = (W™t + E[9(Wx)xT] (2.38)
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Where 9(Wx) = 9(y) = [9:(y1),92(¥2), ..., (yo)]T and it is a nonlinear
function or (Activation function) that performs the source signal model. We can derive

the nonlinear function according to following equation:

d 1 dp(yi)
9;(yp) = 5-logp(y)} = - 55+ (2:39)

The update rule for ML estimation using the gradient decent method is expressed
as:
W =W + yAW (2.40)
Where

AG(W)

AW
“Tow

= {WH™ + E[(Wx)x"]}

And, vy is the learning rate or the step size

In [12], the same result has been achieved when minimized the Kullback-Leibler
(KL) divergence between the joint and the product of the marginal distributions of
estimated signals y;. The vital point in Amari’s paper [2], [71] showed that the parameter
space in this optimization problem is a Riemannian metric Structure instead of Euclidian
Structure. However, the steepest decent should be given by the natural gradient instead of
using the gradient decent method. In that sense, the update rule of the natural gradient is

given as follows (by multiplying the right hand of previous update rule by WTW):
=W — y LMW T
W=W-—y——=W'W (2.41)
Then,

AG(W)
oW

AW « WTW = {I + E[9(y)y " }W
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Notably, Natural gradient method is based on the attempt to implement the

Newton decent method by the approximation of hessian inverse (V2G)™t ~ WTW.

2.3.1.8 ICA based on Entropy Maximization
The differential entropy of a random vector s with density p(s) can be expressed
as follows [2], [36]:
H(s) = — [ p(s) log{p(s)} . ds (2.42)
Let’s define ] a negentropy of random vector s where it represents a normalized
version of entropy of a random vector s. In general, negentropy is information theoretic
tool that uses to measure the distance of random variables from the Gaussian distribution
at the same covariance. Mathematically, we can express ](s) as follows:
J(s) = H(s%AUSS) — H(s) (2.43)
In addition, mutual information can be a good method to measure the statistical
dependence between random variables. P. Comon shows that the mutual information is a
good metric of statistical dependence [7]. In that sense, if the random variables s =
{s1,s9, ..., Sy} are statistically independent, then the mutual information I(s) is equal to
zero. We can define the mutual information I(s) as follows:

I(s) = XiL, H(s;) — H(s) (2.44)

2.3.1.9 Bell-Sejnowski method
ICA algorithm based on minimized the mutual information metric is proposed by
Bell and Sejnowski in [18], [2]. They use the mutual information as a way to measure the

independent between random variables. One can assume that the un-mixing matrix is W
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and the estimated source signals arey = W”x. However, let’s express the mutual
information as follows:
I(y) = L H(y) — H(y) = ZL, H(y) — HWx) (2.45)
By using the fact that the differential entropy is in general not invariant under
arbitrary invertible maps, we can express the mutual information as follows:
1(y) = X, H(y;) — H(x) — log |det (W) (2.46)
One can state the optimization problem as follows: we can minimize the mutual
information I(y) with respect to the un-mixing matrix W to estimate the un-mixing
matrix W that makes the estimated signals y more statistically independent. Then, one
can re-write the expression of differential entropy as follows:
H(y;) = —E[log{p(y:)}] (2.47)
And, the mutual information expression becomes as follows:
I(y) = — 21 E[log{p(y)}] — H(X) — log |det (W)| (2.8
Despite the fact that the estimated source signals y are uncorrelated, because of
the ICA assumption that the source signals s are statistically independent, one can
simplify the mutual information cost function to become almost identical with ML cost
function G(W). One can show that the determent of un-mixing matrix det (W) is
constant as follows:
Since we have uncorrelated estimated signals y, then we can state that:

Elyy"] =1 = WE[xxT]WT =1 = then, det(W)det(E[xx"]) det(WT) =1

This implies that the det(W) must be constant. However, H(X) is not a function

of W. So, it can be omitted from the MI contrast function I(y) as follows:
1(y) = — 2, Eflog{p(y}] — log |det (W)| (2.49)
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I(y) = —[ E[ZiL; log{pi(wi'x)}] + log (Idet(W)])] (2.50)

Then, recall the ML contrast function of W that is expressed as follows:
G(W) = E[ZN, log{pi(w{x)}] + log (Idet(W)|) (2.51)
Apart from the minus sign, both contrast functions look very similar. By
minimizing the MI cost function with respect to W , we will end up with the same update

rule of the ML estimation as follows:

AW o {(WD™t + E[9(Wx)xT]} (2.52)
In conclusion, ICA algorithm based on deferent metrics of statistical independent

(MI, ML and KL criterions) ends up with the same update algorithms.

2.3.1.10 ICA based on Tensorial Methods
A tensor is a multi-linear operator that is derived from the Taylor series of the
log-characteristic function f(w) = E[exp(jwx)], where X is a zero mean random variable.

One can express the Taylor series of the log-characteristic function log {f(w)} as follows:

logf(w) = 1, Gw) + K, (jW)Z/Z! +o Ky (jw)r/r! +oe (2.53)

The coefficients k;Vi= 1,2, ... are called Cumulants. In multivariate situations,
one can call them cross cumulants, which are similar to cross conveniences. In BSS

problem, Kurtosis can be expressed as a fourth-order cross-cumulant as follows:
Kurt(y) = cum(y;, yj, yi 1) (2.54)
Where y; = Y; wiX;, then
Kurt(X; wix;) = cum(T; wixi, X WiX; , Y Wiki , 21 WiXi )

— 4 4 4 4
- Zi]'kl Wi Wj Wrw) Cum(Xi, Xj, Xk Xl) (255)
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In general, the tensor is defined as the fourth order cumulants, and it is similar to
the covariance matrix for second order moments. The cumulant structure is symmetry,
however the eigenvalue decomposion is always valid as it’s shown in [1]. Let’s assume
that we have an eigenvector matrix Vand the corresponding eigenvalues A, and then one
can decompose the tensor Fas follows:

F=2AV (2.56)

Likewise, the pre-whitened dataZ = VAs = WTs , where the matrix W is the
unmixing matrix, however, matrices W, WT will be orthogonal. One can express the
eigenmatrix V = w,,w}, where the vector wy,is the m-th row of matrix W, of the
following tensor F with the corresponding eigenvalues which represents the kurtosis of

the independent components [1], [16], [27] as follows:
F = Fl] = z Vklcum(zi, Z]', Zx, Zl) = z kawmlcum( Zj, Zj, Zy, Z]) =
Kl KI

= Wi WjKurt(sy) (2.57)
In other words, one can estimate the un-mixing matrix W for the independent
sources at given eigenmatrices of the tensor. This case is valid if we have the distinct

eigenvalues, otherwise, the problem will be difficult to solve.

2.3.1.11 PARAIlel FACtor (PARAFAC) algorithms
Several BSS algorithms based on the Parallel factor the (PARAFAC) model have
been proposed i.e. [11], [59], [60], [86]. PARAFAC is a multi-linear tool for tensor

decomposing in sum of rank-1 tensors.
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2.3.1.12 Joint Approximation Diagonalisation (JAD)

In order to overcome the problem in the tensor, Cardoso [16] is proposed JADE
algorithm by diagonals of the tensor of matrix F. Since the tensor F is a linear
combination of terms of w;w;, one can express the tensor F of any matrix as the
eigenvalue decomposition form, i.e. the matrix Q = WFWT. This allows estimating the
unmixing matrix W by minimizing the off-diagonal terms or maximizing the diagonal
terms of Q. However, the cost function of the JADE algorithm was proposed by Cardoso
as follows:

maxy Jjade (W) = maxy Y;lldiag(WF;WT||? (2.58)

Where F; represents the tensor of the different matrix V;, where Vimight be the

eigenmatrices of the tensor F;. JADE algorithm is not as effective in terms of

convergence and computational especially for the high dimension [2], [16] [17].

2.3.2 The Convolutive ICA Mixtures

In the previous sections, we have investigated several methods based on the
instantaneous case in the ICA framework. All previous methods perform well in terms of
quality of separating source signal from the linear mixed sources. However, in
practicality, if we apply these methods on real life applications, i.e. a multipath channel in
communication, room environment for a sound separation, we will fail to recover source
signals. The major reason is because the instantaneous model doesn’t hold the varying in
the mixing matrix. Figure 2.2 illustrates that a single channel convolution and a
deconvolution process. A multi-channel deconvolution problem can be considered as a

natural extension of the instantaneous BSS problem. With this problem, assume an m-
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dimensional vector of received discrete time signals x(k) = [x;(K), X,(K), ..., Xy (k)] at
time K is assumed to be produced from an n-dimensional vector of source signals s(k) =
[51(K),s5(K), ..., sm(K)]T, where m > n, by using a stable mixture model [2].
x(k) = X2 o, Hps(k — p) = H *s(k), with 3% ||Hp|| < (2.59)
Where * represents the convolution operator and Hpis an (mxn) matrix of
mixing coefficients at time-lag p.
One can define that
H(z) = ¥ 7= Hpz™P (2.60)
where z ™ lrepresents the unit time-delay operator, i.e. z7P[s;(k)] = s;(k — p).
Generally speaking, the goal of multichannel deconvolution is to recover the
source signals, up to the possibly scaled and time delayed, from the received signals by

using the approximate knowledge about the source signal distributions and statistics.
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b) Multichannel blind deconvolution problem (MBD)

Figure 2.2: Block diagram of the Convolutive Mixtures.
Typically, we assume every source signal sj(k) is an i.i.d (independent and

identically distributed) sequence. One can express the convolutive mixture model as

follows:
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(] A - ANy [si(n)
[xzfln)l _ | az1 azn ) [SZ.(..n)l
lxM (n)J leM1 aMNJ LN(n)J

Applying Short Time Fourier Transform (STFT) for this model gives us two

(2.61)

advantages as follows:
e In frequency domain, signals become more super Gaussian, which will be
more suitable for any ICA learning algorithms.
e In frequency domain, one can use the approximation of linear convolution

with multiplication.

(Tx1 (M7 (T811 - aiNy [s1(m7)
I |[X2(n)]| I I [a21 aZN] |[52(n)]| I
STFT ‘ = STFT [ ]*l j (2.62)
xm (1) am1 - amnd Lsy(n)

Let’s assume M = N, the STFT of convolutive model becomes as follows:

x1(f,0) A () . Andrs1(6 D)
[Xz (£9) Ay (D . AZN(f)”SZ (£ t)l
.= (2.63)
|)(N (f, t)J lANl(D ANN(D JISN(f t)J
S x(f) = As(ft), VE=1,..,F (2.64)

Where F is the number of FFT points, and also note that we use the STFT instead
of FT to preserve the stationary property of the signals and to divide the signal into
shorter overlapping frames. In other words, we transform the convolutive mixture

problem into L instantaneous problems by assuming the statistical independence among
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the frequency bins. However, one can simply transform the convolution problem into
multiplication by using the windowing method, i.e. the window larger than the filter
length such as F > T. But in fact, this case is not easy to implement since the data will be
in complex number form, which affects the stability factor of the algorithm [3], [39],
[71]. In additional, the scale and permutation will have an effect in this approach as it will

be explained later.

2.3.2.1 Time-Domain Methods
One can estimate source signals by estimating the un-mixing coefficients in time
domain. The convoltutive mixtures model can be expressed as follows:
xi(n) = XL, Mo agsin—d) vi=1,2, ..,N (2.65)
In order to estimate the source signals from the mixtures in this model, one can
estimate the un-mixing coefficients filter wjjq in FIR filter architecture (feedback
architecture) as follows:
yi(n) = X%, Yioy wigsj(n —d) Vi=1,2, .,N (2.66)
Delay-compensation problem considers a major issue in time-domain models.
Several researchers carry out some methods to solve these problems in time domain. One
of these methods is the use of feedback architecture which is proposed by Torkkola [2],
[39], [133] in order to remove temporal dependencies and stabilize the cross-weights.
Some of his research utilized the IIR structure. Lee [36], [38] presented the following
IIR structure to separate the source signals from the mixtures as follows:
yi(n) = x;(n) — Z]-Nzlzgzledyj(n -d) vi=1,2, ..,N (2.67)
Or

y(n) = x(n) — Woy(n) — Tko; Wiy(n — k) (2.68)
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So, in order to estimate the un-mixing matrix W, Lee maximizes the joint
entropy H(g(y)), where g(.) is the sigmoid function which is used in the Bell-
Sejnowski’s method. He presents a new update rule for this model in time domain as
follows:

AW, = —(1+ Wp) (1 + E[e()y™]) (2.69)

AW, = —(I+ Wi)E[e()y " (n — k)] (2.70)

al
Where @(y) = — ogp(y)/ dy"

Several drawbacks are noticed in time-domain methods for recovering the source
signals. For long mixing filter, which means long transfer functions, the computation
will be too expensive [2], [133], [71]. Also, using the IIR filter instead of long FIR filter
to overcome this problem it suffers from instability and needs to invert the non-minimum
phase filters [39]. However, time domain methods are suitable and very efficient for
small mixing filters such as in communication channel [2]. In addition, Torkkola
proposes a feedback structure to overcome the spectral whitening problem in feed
forward structure in [2], [38], and [133]. Next, we will explain some methods in

frequency domain to solve the convolutive mixtures problem.

2.3.2.2 TRINICON Blind Source Separation

The TRINICON algorithm is based on the time domain approach and proposed by
Buchner et al. [131], [1]. The main drawback in this algorithm is its sensitivity to outlets,
not robust, especially in a real world recording problems. See [133], [3] and [38].

In their work, they use the multivariate models as a cost function in order to

consider the whole temporal structure of the original sources. Actually, they just

55



simplified the optimal formula of BSS in time domain approach by windowing the
observed signals in terms of blocks. Let us assume Lg is the length of each block. One
can express the separated model of each block as follows
y(b, win) = x(b, win)W(b) (2.71)
where
e b denotes the block index
e win € {0,...,Lg — 1} is the time-shift index within the block
e x(b,win) = [x4(b,win), ..., xy (b, win)] is the M observed signals which
segmented in blocks of length Lg.
y(b, win) = [y; (b, win), ..., yn(b, win)] is the estimated N source signals
W(b) is the separation matrix for a given block and it is given by:

Wiy (b) ... Winm(b)

W1(b) ... Wam(b)

W(b) = (2.72)

Wyni(b) ... Wym(b)
So, assume L is the length of the FIR filters; however, the m-th mixture is
modeled as

Xy (b, win) = [Xm(bL + win), ...,XM((b —2)L+1+ win)] (2.73)
Therefore, the output signals are modeled as:

y(b,win) = [y, (bL + win), ...,yn(bL — D + 1 + win)]

=M _ %, (b, win)Wy,,, (b) (2.74)

Where D is the number of the time-lags.
The TRINICON algorithm aims to estimate each of the demixing matrixes

Winn(b) based on three common optimization criteria:
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» Minimization of the cross-correlation of the output over multiple time-
lags.

» Based on standard ICA algorithm “Non-Gaussianity.

» Minimization of the cross-correlation of the output at different instant time

“Non-stationary”.

2.3.2.3 Frequency-Domain Methods:
In this section, we will express three interesting methods of ICA convolutive

mixture in frequency domain as follows:

2.3.2.3.1 Lee’s approach
Lee in [3], [38] proposed a FIR un-mixing structure. He used a method that
moved from time domain to the frequency domain in order to separate the sources and to
avoid the convulsion in time domain. In additional, he developed an update rule of un-
mixing matrix Wr for each bin, which is similar to natural gradient one as follows:
AWt = (1 + E[STFT{e(y(m)) }y® (£, O )W (2.75)
Lee’s method used time-domain and frequency domain. Time domain was used to
take advantage of the features of the nonlinearity function ¢(y). Whereas, he employed
the frequency domain just to make the unmixing processes. The proposed framework of

Lee’s method can be seen in Figure 2.3.
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Figure 2.3: Lee’s Block diagram
The main drawback in this method is that it requires extra computational
complexity. It requires moving from and to the frequency domain in order to use the
nonlinearity at each update step. According to Lee’s results his method didn’t encounter

the permutation problem.
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Figure 2.4: Smardagdis’s Block diagram

2.3.2.3.2 Smardagdis approach

Some researchers only employ the frequency domain for the convolutive problem.
However, they perform the source modeling and un-mixing in frequency domain, in order
to avoid the complexity in previous methods. Figure 2.4 shows the framework of
smaragdis approach [3], [39], where the system adapted to work in frequency domain for
each bin individually.

Since, the source signals tend to be more superGaussian in frequency domain; one
can take advantage of minimizing the Kullback-Leibler divergence in order to estimate
the source signals in frequency domain. Amari derives an update rule for a complex data

as follows:
AW = y(I + E[@(y(f, ©))y™ (£ )] W (2.76)

)|
Where vy is the learning rate, and @(y) = ngy(Y)/ dy"
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Smaragdis mentioned in his paper that most problems arise in convolutive
mixtures come from the permutations and scale ambiguities. Also, he proposed zero-
padding method before the FFT in order to smooth the spectra. Smaragdis’s framework

seems to be a robust and general solution for convolutive mixture problems.

2.3.2.3.3 Independent Vector Analysis (IVA)

Independent vector Analysis (IVA) is developed by Intae et al. [36], [40], it
extends the ICA model to be in the multivariate model. Furthermore, they proposed the
decoupling frequency in the adaptive learning rule to reduce the possibility of the
permutations. Similar to time domain method, IVA updates all the variables at the same
time thus it might converge into local minima. Furthermore, IVA algorithm suffers a
slow convergence from the high dimensionality of its contrast function and, in terms of

cost it’s considered to be too expensive to be implemented in real time.

2.3.2.3.4 Parra’s approach:
Parra and Spence proposed a new ICA algorithm based on the non-stationary and
SOS of signals in order to solve the convolutive mixture problems. Signals are considered
to be non-stationary if their statistics are varying in time. Mathematically, one can say
that the signal x(n) is a non-stationary signal if Cy(n) # Cy(n + d), where Cy(n) is the
covariance matrix of x, it represents as Cy(n) = E[x(n)x"(n)], and d is a constant time.
Now, assume a noisy convolutive mixture model, as follows:
x(n) = A *s(n) + e(n) (2.77)
And the STFT form will be
x(ft) = AH)s(ft) +e(ft) Vi=1,2,..,F (2.78)

Then, the covariance of the observed data x in frequency domain is
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Co(f k) = E[xx"] = AC,(f, DAY + Co(£K) (2.79)
Where C¢(f, t) is the source covariance and C.(f,t) is the noise covariance; next,
one can assume that the estimated source covariance is C;(f, t) and the estimated noise
covariance is Co(f,t). However, one of appropriate error measurements will be as
follows:
Error[k] = C,(f, k) — A¢C, (f )AY — Co(f k) (2.80)
Where y(f,t) = W(f)x(f,t) are the estimated sources, one can write the cost
function as follows:
J(Ar. Cy, Ce) = ZillError[K]|IF (2.81)

In order to estimate each of the parameters Ag, Cy, C,, one can find the derivative

d] 6]/ 6]/
of ] respect to each, as follows , P A .
Jresp N at,” /aC.

Using a stable FIR un-mixing filter Wy, we can re-write the above formula as
follows:

Cy(£K) = E[yy"] = W[Cx(f, 1) — Co (£ )W/ (2.82)

Then, the cost function will be as follows:
J(Wr, €y, Ce) = Zill[Cx (£ ©) — Co (£ 10]1IF (2.83)
According to analysis in [62], one can estimate the un-mixing matrix W; using
the gradient of the above cost function in terms of W, Cy, and Ce. Parra proposed in his
paper two methods to recover the source signals y(f,t). These methods were a least
squares and a Maximum Likelihood estimator. Wang [3] addressed a cyclostationary
convolutive mixture and proposed a new algorithm by combining the fourth and second

order statistics of the data to enhance the performance.
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2.3.2.3.5 Recursive Convolutive ICA

The RR-ICA is proposed by F. Nesta et al. [130]. It is based on frequency domain
approach to separate the source signals from the short data sets in high reverberation. The
RR-ICA is used to speed up the convergence and make it more robust to outlets. The
main drawback in this algorithm is its sensitivity to outlets in the real world recording,

refer to chapter 4.

2.4 Ambiguities in ICA algorithms
In general, there are some ambiguities described in all ICA methods, as follows:

Scale ambiguity: one can’t identify the energies or the variances of the independent

components. Since, both of mixing matrix A and source signals s are unknown, then any

scalar multiplication on A or s will be lost in the de-mixing process.

Y(f,t
X(F,1) .0

)1

|ezzpenpmmppns)
+
L points Y2
, #Y3
L-points ISTFT e

STFT

Figure 2.5: Illustration of permutation ambiguity in frequency domain.

Permutation ambiguity. one can’t identify the order of the independent components. The

mathematical model of the ambiguities of the ICA model can be expressed as follows:
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x = As = (ADP)(D"1P~1s) (2.84)

Recall the performance matrix

G = WA = DP,

Where D is any non-singular diagonal matrix which illustrates the scale
ambiguity, and P is an identity matrix with permuted rows, which illustrates the
permutation matrix. So, in general, ICA methods recover the source signals s from only a
given observed signals x up to arbitrary scaling and permutation. However, in the
instantaneous ICA case, these Ambiguities are not affective and can be ignored. But in
some of convolutive ICA models, we will see that these ambiguities should be addressed

especially, in some applications such as when working in frequency domain.

2.4.1 Scale ambiguity

Generally speaking, the ICA algorithms aren’t able to determine the energies
(variances) of the independent components. As a result, in instantaneous mixture
problem, this ambiguity usually is ignored since one can normalized the source signals in
order to rectify this ambiguity without any loss. However, the unmixed signals can be
amplified or attenuated after the separation.

In frequency domain, ICA algorithm performs L instantaneous ICA algorithms
for each frequency bin. So, scaling ambiguity has a real effect in this domain, where any
arbitrary scaling change of each individual update rule will cause a spectral deformation
to our observed signals. Also, if the arbitrary scales are not uniform along the frequency,

this might cause changing in the signal envelope after separation.
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Researchers have worked to tackle this ambiguity. A method proposed to keep the
un-mixing matrix normalized with unit norm was || W|| = 1, in order to remove the scale
of data as in Smaragdis’s paper [3], [39]. In addition, this also helps the natural gradient

to fast convergence. This can be expressed as follows:

w
Wf= f

- (2.85)
I Well N

Another smart idea to solve this ambiguity is by constraining the diagonal
elements in the un-mixing matrix to be unity, such as W' = 1. This constraint ensures
that there is no spectral deformation of the observed signals.

Scaling Ambiguity due to Minimal Distortion Principle (MDP)

For the sake of simplicity, let’s assume there is no permutation I'(f) = 1
ambiguity. Then, the estimated source signals S(f) as each frequency as follows:
Y(f) =WHX(F) = D) (2.86)
Thus, the estimated signals Y (f) are scaled versions of the source signals S(f) by
diagonal matrixD (f), however, after, multiplying both sides of the previous equation by

W~L(f) . It becomes as follows

WO Y = W) DS (2.87)
Also, we have the
W(f) = D(HH() (2.88)
Thus,
WO Y = H(P)S(f) (2.89)
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Under the Minimal Distortion Principle definition, the nth source is scaled with
respect to the image at the nth microphone [3], [60], [129]. Therefore, the rescaled output

signals are given by

ysealed(f) ~ diag(W=(f))Y(D (2.90)

2.4.2 Permutation ambiguity

In general, ICA algorithms suffer from the permutation problem [38], since it is
unable to recover the source signals in order. Although this ambiguity usually is ignored
in instantaneous mixtures especially in time domain, it has a place and a real effect in
convolutive mixtures especially in frequency domain as shown in Figure 2.5. Any
arbitrary permutation of the source signals along frequency axis will cause uncompleted
separation among the sources. Thus, several researchers have proposed methods to
impose some coupling between frequency bins to withstand the permutation along
frequency.

The main cause of the permutation ambiguity is the statistically independency
assumption between the frequency bins. Lee applies this assumption in time domain
especially in the source model, which is the nonlinearity in time domain, thus, he never
reported the permutation algorithm.

Permutation Ambiguity

Permutation Ambiguity is one of the main challenges in frequency domain for
BSS. Many techniques have been proposed to cope with this ambiguity in frequency
domain, but it is still an open issue [3]. Since, in this dissertation, we are choosing to

develop the robust ICA algorithm in frequency domain, we pay a lot of attention to
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investigating this ambiguity and to developing a robust method to overcome this
ambiguity.
There are three main solution groups to solve the permutation ambiguity in
frequency domain as follows:
v" Group based on the geometric information such as Time Direction of
Arrivals (TDOA) and Direction of Arrivals (DOA) [3], [38], [72], [128].
v Group based on the clustering-based techniques [57], [60], and [3].

In terms of performance, the first group generally performs better than the second
group especially with a small data sample. But it is not optimal in a practical sense, since
we don’t usually have geometric information about real environment conditions. A
second group performed better than first group especially when we had a large sample set
of data, because they are based on the clustering-based techniques i.e. correlation,
distance, etc. And, they are more robust for real world scenarios. For more details, refer

to [3], [64].

2.4.3 Circularity of Fast Fourier Transform (FFT)

It has been known that the time domain signal can be transformed to frequency-
domain by Fourier Transform. We are computed by the mean of the Discrete Fourier
Transform over sample time blocks F. This approximation means that we enforce the

signal to be a periodical signal with period equal to the sample frequency over the sample
time block T = % However, in [55], [50], [72] and [63] they have reported that this

simplification is not a realization in sense of time domain filters. Therefore, the transfer
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function of this filters are unstable and having overshoots in his frequency response. For
more details refer to [38], [3].

There are two solutions to mitigate the circularity effect of FFT; 1) by increasing
the length of the DFT F [72], and 2) by imposing smoothed function to modify the

frequency response of such a filter as in [38].

2.5 Performance Metrics of ICA methods

2.5.1 Instantaneous case

2.5.1.1 Performance Matrix G

In order to measure a performance for ICA algorithms, one can use the
Performance matrix G [2] as follows:

G=WA=I

Ideally, our un-mixing matrix W should equal the inverse of mixing matrix A~
However, one would expect the matrix P to be closed to identity matrix. But, since ICA
method separates the sources up to permutation and scale. Then, the performance matrix
G should be a good indication measure of the quality of separation. Additionally,
performance matrix G presents the relation between the permutation of the original

sources and the estimated ones.

2.5.1.2 SNR measure:
In practice, one can use the signal to noise ratio (SNR) as a separation quality

measurement [2] as follows:

— _ Tt
SNR = 10log [zi (S(i)_y(i))z] 2.91)
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In other words, it shows the comparison between the energies of an original
signal and estimated signals. Notably, to use this metric, we should compare the signals
with the same variance and polarity, since ICA method separates the sources up to a

permutation and scale.

2.5.2 Convolutive case

2.5.2.1 Performance Index:
From a statistical view, the performance index was established in [2] by

employing the performance matrix G as follows:

|G
max|Gikl

|G
maxy|Gig/

PI=Y0, [¥® ~1 (2.92)

- 1] + 5%, [Zfrzll
Obviously, for an ideal performance matrix G, this index tends to minimum (to

zero). However, the larger performance index value PI is the worst performance for the

algorithm.

2.5.2.2 Mutual Information measure:
Reiss et al [56] takes advantage of the mutual information as a measure of
statistical independence and creates a performance index. He develops the time series

method to estimate the mutual information in [71].

2.5.2.3 Performance Evaluation
From (2), the separated sources are given by
si(0) = 221 Wy = x;(0) (2.93)
According to [64], one can divide the power of one of the separated sources s;(t)

into two portions; the first portion belongs to the source coming from the source i, pj;,
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second one belongs to the crosstalk signals sy (t), pjk. Therefore, one can define the
output SIR as the ratio of the power of the first portion p;; to the power of the second one

pik as follows:

_ Dbii _ Teshi(®)
SIR; = e 1010g—2t21¢k512k(t) (2.94)

In this dissertation, we will calculate the SIR for source i as follows

2
3 Y Xj21 Wijx;i(t
SIR; = 2L = 101og {2 Wi 09) z
Pik St Ziek( 224 Wi (D)

(2.95)

We will deal with the convolve speech signals with premeasured real-word
recordings or artificially generated room impulse responses (RIRs). However, we only
have access to the observed signals x;;(t) (microphone signals) recorded when only the
ith source is active. We will set the input SIR as a baseline, i.e. the SIR obtained without

any processing. Or, we will refer to the most interesting evaluation criteria in [126], [127]

to study our algorithm performance.
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3 Chapter 3

Convex Cauchy—Schwarz Independent
Component Analysis for Blind Source Separation

Independent Component Analysis (ICA) is a powerful tool in Blind Source
Processing (BSP). We present a new high-performance Convex Cauchy—Schwarz
Divergence (CCS-DIV) measure for Blind Source Separation (BSS) and unsupervised
learning of acoustic and speech signals. The CCS-DIV measure is developed by
integrating convex functions into the Cauchy—Schwarz inequality. By including a
convexity quality parameter, the measure has a broad control range of its convexity. With
this measure, a new CCS—ICA algorithm is structured and a non-parametric form is
developed incorporating the Parzen window-based distribution. Furthermore, a pairwise
iterative scheme is employed to tackle the high dimensional problem in BSS. We present
two schemes of pairwise non-parametric ICA algorithms based on gradient decent and
the Jacobi Iterative method. Several case-study scenarios are carried out on noise-free
and noisy mixtures of speech and music signals. Finally, the superiority of the proposed
CCS—ICA algorithm is demonstrated in metric-comparison performance with FastICA,

RobustICA, convex ICA (C-ICA), and other leading existing algorithms.

70



3.1 Introduction

Blind Signal Processing (BSP) is one of the most challenging and emerging areas
in signal processing. BSP has gained a solid theoretical foundation and numerous
potential applications. BSP remains a very important and challenging area of research
and development in many domains, e.g. biomedical engineering, image processing,
communication system, speech enhancement, remote sensing, etc. BSP techniques do not
assume full a priori knowledge about the mixing environment, source signals, etc. and do
not require any training samples. BSP includes three major areas: Blind Signal Separation
(BSS), Independent Component Analysis (ICA), and Multichannel Blind Deconvolution
(MBD) [1], [2].

In the following, we provide a focused and brief overview. ICA is considered a
key factor of BSS and unsupervised learning algorithms [1]. ICA specializes to Principal
Component Analysis (PCA) and Factor Analysis (FA) in multivariate analysis and data
mining, corresponding to second order methods in which the components are in the form
of a Gaussian distribution [8 - 20], [1], [2]. However, ICA is a statistical technique that
includes higher order statistics (HOS), where the goal is to represent a set of random
variables as a linear transformation of statistically independent components.

ICA techniques are based on the assumption of non-Gaussianity and
independence of the sources. Let an M X T observation vector X = [X;, X5, ...xy]" be
obtained from M statistically independent sources S = [sy, Sp, ... Sy]* by X = AS, where A
is an M X M invertible mixing matrix. The estimated sources can be modeled by Y = WX
where W is a demixing matrix. The ICA goal is to determine a demixing matrix W to

estimate the source signals. ICA uses the non-Gaussianity of sources and an
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independence measure to find a demixing matrix W. A measure could be based on the
mutual information, Higher Order Statistic (HOS), such as the kurtosis, and Joint
Approximate Diagonalization. In other words, the demixed matrix is obtainedby
optimizing such a contrast function.

Furthermore, the metrics of cumulants, likelihood function, negentropy, kurtosis,
and mutual information have been developed to obtain a demixing matrix in different
adaptations of ICA-based algorithms [1]. Comon [7] was the first to describe the
fundamentals of ICA. Recently, he proposed the Robust Independent Component
Analysis (R-ICA) in [11]. He used a truncated polynomial expansion rather than the
output marginal probability density functions to simplify the estimation processes. In [14
— 15], the authors have presented ICA using mutual information. They constructed a
formulation by minimizing the difference between the joint entropy and the marginal
entropy of different sources.

The so-called convex ICA [20] is established by incorporating a convex function
into a Jenson’s inequality-based divergence measure. Xu et al [21] used the
approximation of Kullback—Leibler (KL) divergence based on the Cauchy—Schwartz
inequality. Boscolo et al. [22] established nonparametric ICA by minimizing the mutual
information contrast function and by using the Parzen window distribution.

A new contrast function based on nonparametric distribution was developed by
Chien and Chen [23], [24] to construct the ICA algorithm. They used the cumulative
distribution function (CDF) to obtain a uniform distribution from the observation data.
Moreover, Matsuyama et al. [25] proposed the alpha divergence approach. Also, the f-

divergence was proposed by Csiszar et al. [4], [6], [26]. Alternate studies have presented
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the nonnegative matrix factorization (NMF) to solve the BSS problem [4]. They took
advantage of imposing the nonnegative constraints to minimize and measure the
approximation errors. The Euclidean distance and KL divergence were used as the error
functions for NMF problems in [26].

In addition, the maximum-likelihood (ML) criterion [27] is another tool for BSS
algorithms [27]-[29]. It is used to estimate the demixing matrix by maximizing the
likelihood of the observed data. However, the ML estimator needs to know all the source
distributions. Recently, in terms of divergence measure, Fujisawa et al. [28] have
proposed a very robust similarity measure to outliers and they called it the Gamma
divergence. In addition, the Beta divergence was proposed in [31] and investigated by
others in [4].

In this chapter, we develop an effective and improved measure of dependency
among the signals, and then we construct its corresponding (parametric and non-
parametric) ICA algorithms. A novel family of dependency divergence is developed
which we name Convex Cauchy Schwarz Divergence (CCS-DIV) -- due to its use of the
Cauchy Schwarz Inequality “divergence.” We develop this new measure by conjugating a
convex function into the Cauchy—Schwarz inequality-based divergence measure. This
new contrast function has a wide range of effective curvature since it is controlled by a
convexity parameter. The corresponding convex Cauchy—Schwarz divergence ICA
(CCS—-ICA) employs the Parzen window density approximation to distinguish the non-
Gaussian structure of source densities. We also present two effective pairwise ICA
algorithms: one is based on the gradient descent and the other is based on the Jacobi

optimization. The link between CCS_DIV, ED-DIV, KL-DIV and CS-DIV is also shown.
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The efficacy of the corresponding ICA algorithms based on the proposed CCS-DIV is
verified by means of several ICA experiments. This CCS—ICA has succeeded effectively
in solving the BSS of speech and music signals with and without additive (Gaussian)
noise, and it has shown a high comparative performance outperforming other existing
ICA-based algorithms.

The chapter is organized as follows. Section II presents a brief description of
several divergence measures. Section III proposes the new convex Cauchy—Schwarz
divergence measure. Section IV presents the CCS-ICA method. The comparative

simulation results and conclusions are given in Section V and Section VI, respectively.

3.2 A Brief Description of Previous Divergence Measures

Divergence or their counterparts (dis)similarity measures play an important role in
the areas of neural computation, pattern recognition, learning, estimation, inference, and
optimization [4]. In general, they measure a quasi-distance or directed difference between
two probability distributions p and q, which can also be expressed for unconstrained
arrays and patterns. Divergence measures are commonly used to find a distance or
difference between two n-dimensional probability distributions p = (p4,P2, - Pn)
andq = (q4,92, ---qn). However, the divergence measure is a fundamental and key
factor in measuring the dependence between observed variables and creating an ICA-
based procedure.

In this dissertation, we are mostly interested in distance-type measures that are
separable, thus, satisfying the condition D(p||q) = XiL,d(p;,qi) = 0; where the

condition equals zero if and only if p = q. But they are not necessarily symmetric in the
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sense that D(pl||q) = D(q|lp) and do not necessarily satisfy the triangular
inequality D(p||q) < D(p||z) + D(z||q), for another distribution z .

Usually, the vector p corresponds to the observed data and the vector q is the
estimated or expected data that are subject to constraints imposed on the assumed models.
For the BSS (ICA and NMF) problem, p corresponds to the observed data matrix X and q
corresponds to the estimated matrix Y = WX. Information divergence is a measure of
distance between two probability curves. In other words, the distance-type measures
under consideration are not necessarily a metric on the space P of all probability
distributions [4].

The metric is the distance between two pdfs if the following conditions
hold: (i) D(pllq) = Xi=, d(p;,q;) = 0 if and only if p = q,(ii) D(pllq) = D(ql|p)
and (iii) D(p||lq) < D(p||z) + D(z||q). Distances which are not a metric, are referred to
as divergences [4]. Next, we review the most common divergence measures with one-

dimensional probability curves.

3.21 Previous Divergence Measures

Shannon theory shows the KL divergence (KL-DIV) [1], [4], which is the relative
entropy between the joint distributions of two continuous variables x;and X, (p(X4,X3))

and the product of their marginal distributions (p(x;)p(X,)). KL-DIV is given by

Dgr(x1,%2) = H(p(xl)) + H(p(Xz)) - H(p(XLXz)) (3.1
_ p(X1,X2)
Dgr(x1,X2) = ff p(x1,xz)log (m) .dx,dx, (3.2)
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where Dgp (x1,X2) = 0 with equality if and only if x; = X, This means that they
are independent of each other. Xu [21] developed Euclidean divergence (E-DIV) and
Cauchy—Schwartz divergence (CS-DIV) by joining the terms of joint distributions of two
variables and their product of marginal distributions into the Euclidean distance and the

Cauchy— Schwartz inequality, respectively. E-DIV and CS-DIV are given respectively by

Dg(x1,%2) = ff(p(xpxz) —p(xq) - p(Xz))z .dx,dx, (3.3)

ffp(X1:X2)2-dX1dX2'ffp(X1)2'p(Xz)2-dX1dX2
[ffp(X1'X2)p(X1)p(X2)-dX1dX2]2

D¢s(x4,%x2) = log

(3.4)
where Dg(xq,X,) = 0 and D¢g(x4,X2) = 0 and the equality holds if and only if
X1 = X,. At equality, the variables are independent of each other. These divergence
measures are reasonable contrast functions to be used in the ICA method as novel
measures of dependence. Furthermore, the alpha divergence (a-DIV) was developed by

Amari et. al. [2], [4]. It can be used as a measure of dependence. a-DIV is given by:

1-a
Da(x1, %2, @) = [ [57P(x1, %) + =op(x0) ' PG2) = plxyxp) - (PGa)-
a+1

p(xz))T .dx,dx,. (3.5)
Matsuyama [25] introduced the alpha ICA algorithm by using a-DIV as a contrast
function of the ICA method. In the case a = —1, the a-DIV is equivalent to KL-DIV [4],
[6]. Csiszar [26] introduced an interesting divergence measure that is called an f-

divergence (f-DIV) and is given by
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(x1,%2)
De(x1,%5) = [[ p(xl,xz)f(%).dxldxz (3.6)

where f(.) denotes a convex function satisfying f(t) > 0 for t > 0, and f(1) = 0,

f(1) = 0. In addition, Csiszar shows that the a-DIV is a special case of f-DIV when using

the following convex function

1+a

f() = — =2+ 22t —t | Fort>0 (3.7)

1-a?

Furthermore, Zhang [31] developed a general divergence function by integrating

the a-DIV and f-DIV functions into the following form:

Dz(x1,%2) = 1_40(2 {i_aﬂ f(p(Xsz))-XmdXz + 1+aﬂ f(p(X1) ) p(Xz)) .dx,dx, —

2

J1(35% 050 + S5 p(x0) - p(xa) ) dxy ey

(3.8)
Lin [32] developed a Jensen—Shannon divergence (JS-DIV) by using the Shannon

entropy H[. ] into the Jensen’s inequality; the JS DIV is given by

DJS(X1:X2) = H(?xp(xl,xz) +(1- K)p(xl)p(xz)) - AH(p(XLXz)) -(1-

DH(p(Xﬂp(Xz)) (3.9)
where 0 < A < 1 represents a weighting parameter between the joint distribution

and the product of their corresponding marginal distributions. Djs(Xy,X;) = 0, and the

equality holds if and only ifx; = x,. Recently, Chien [20] proposed the convex
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divergence (C-DIV) by using the Jensen’s inequality. C-DIV is developed by combining

the convex function f(.) into the Jensen’s inequality. C-DIV is given by

1+«a lta
Dc(xq,%p,0) = {ff [_ + _p(Xl'Xz) p(x1,X%;) 2 ] dx;dx; +

1-a?

(=2 55+ 225 p6e) D) = (pxn) PG * | gy =[5+

=l (Ap(xl'xz) +(1- K)p(xl)p(Xz)) (Ap(XLXZ) +(1- A)p(xﬂp(xz)) “]}

(3.10)
In the case a = 1, C-DIV is equivalent to the JS-DIV. D¢(x4,X,, @) = 0 and the

equality holds if and only if x; = x,, which means they are independent of each other.

3.2.2 The proposed Divergence Measure

While there exist a wide range of measures, performance especially in audio and
speech applications still requires improvements. The quality of an improved measure
should provide geometric properties for a contrast function in anticipation of a dynamic
(e.g., gradient) search in a parameter space of de-mixing matrices. The motivation here is
to introduce a simple measure and incorporate controllable convexity in order to control
convergence to the optimal solution.

To improve the performance of the divergence measure and speed up the
convergence, this chapter presents a novel divergence method that is based on
conjugating the convex function into the Cauchy—Schwartz inequality. In this context, we
take advantage of the convexity parameter alpha to control the convexity in the
divergence function and to speed up the convergence in the ICA and NMF algorithms.

Incorporating the joint distribution (p(x;,%X;)) and the marginal distributions
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(p(x1)p(x3)) into the convex function f(.) in (3.7) and conjugating them to the Cauchy—

Schwartz inequality yields

(f(pCes, x2)), E(p(xDP )|
< (f(p(prz)):f(p(Xsz)) ) <f(p(X1)p(X2))'f(p(X1)p(X2))> (3. 11)

where (- ,7) is an inner product; Now, based on the Cauchy—Schwartz inequality a
new symmetric divergence measure is proposed, namely:

I £2(p(x1,%2)).dx1dx; - [ £2(p(x1)-p(x2)).dx; dx;
LJ f(p(x1.%2))-f(p(x1)p(x2)).dx1 dx;]?

Decs(x1,%2, @) = log (3.12)

where Dccs(Xq,X2,a) =0 and equality holds if and only if x; = x,. This
divergence function is then used to develop the ICA and NMF algorithms. Notably, the
joint distribution and product of the marginal densities in D¢cg(Xq, X2, ) 1S symmetric.
This symmetrical property does not hold for KL-DIV, a-DIV, and f-DIV. Additionally,
the CCS-DIV is tunable by the convexity parameter .

In contrast to C-DIV and a-DIV , the convexity parameter o range is extendable.
However, Based on 1’Hopital’s rule, one can derive the realization of CCS-DIV for the
case of ¢ = 1 and @ = —1 by finding the derivatives, with respect to a, of the numerator
and denominator for each parts of D¢cg(xq, X5, ). Thus, the CCS-DIV with @ = 1 and

a = —1 are respectively given by (3.13) and (3.14).
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3.2.3 Link to other Divergences:

This CCS-DIV distinguishes itself from the previous divergences in the literature
by incorporating the convex function into (not merely a function of) the Cauchy Shawarz
inequality-- in order to guarantee convexity in the new divergence. This chapter thus
develops a framework for generating a family of dependency measure based on
conjugating the convex function into the Cauchy Shawarz inequality. Such convexity is
anticipated (as is evidenced by experiments) to reduce local minimum near the optimal
solution and enhance searching a non-linear surface of the contrast function. Also, it
provides a flexibility of scalability to high dimensional data. The motivation behind this
divergence is to render the CS-DIV to be convex similar to the f-DIV. For this work, we
shall focus on one convex function f(t) as in (3.7), and its corresponding CCS-DIVs in
(3.13) and (3.14). It can be seen that the CCS-DIV, for the o =1 and o = —1 cases, is
implicitly based on Shannon entropy (KL divergence) and Renyi’s quadratic entropy,
respectively. Also, it is to show that the CCS_DIVs for the « = 1 and o« = —1 cases are

convex functions in contrast to the CS-DIV.

Dees(xq, %2, 1) =

(I {(prs, %) - og(p (s, 22)) = Py, x2) +1)° Fdxydxy ) - (I { () - poz) - log(p(x1) - p(xz)) = plor) - plx
[ff{(p(x1,xz) ’ lOg(p(xl,xz)) —p(xg, %) + 1) ) (p(xl) plxz) - log(p(xl) ) p(xz)) —p(xy) plx) + 1) }

log

(3.13)
Dees (%1, %2, —1)

(ff {(IOg(p(X1»X2)) —p(x1, %) + 1)2 }dX1dX2 ) ’ (ff {(log(p(xl) 'D(Xz)) —-p(&y) pxz) + 1)2} dx;dx, )
S {(log(p(x1,%2)) = p(x4,x2) + 1) - (log(p(x1) - p(x2)) — p(xy) - pxz) + 1)}dx1dx,]?

= log

(3.14)

80



3.24 Geometrical Interpretation of the Proposed Divergence for a =1
and a = —1.

For simplicity, let’s define the following terms:

Vv, = ff(p(xl,xz))zdxldxz
Vi = jf(P(xﬂp(xz))zdﬁdxz

Vo= ffp(xl,xz)p(xl)p(xz)dxldxz

( plry,xz) log(p(xl,xz))>2 _
ff {< —p(xy,x,) +1 dx;dx, a=1
Vip = 2
ff <log(p(x1,xz))> A doc N
U \opeyx) +1) {14

( ‘p(xa-p(xz)-1og(p(x1>-p<xz>)>2 _
H( —p(r) - p(r) + 1 Pade@=1

MY tog(p ) - pe)
og(p(xy) - plx, _
J (—p<x1>-p<xz>+1>}dxldx2 “=
(| <p(x1,xz) - log(p(xllxz))> _
_p(xl'x2)+1

dx;dx, a=1

ﬂ < (p(xl) -p(xy) - log(p(x,) - p(xz))>
L —p(xy) - plxz) +1

( <log(p(x1.xz))>.

ff ) \=pCG)+1) |,
<log(p(x1) : p(xz))>
\

—p(x,) play) +1/) )

VCC=<

x,dx, a=-1

With these terms, one can express the CCS-DIV and the CS-DIV as

D¢es = log(V”) + log(Vaum) — 2log (V) (3.15)
D¢s =log(V)) + log(Vyy) — 2log(V;) (3.16)
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In Figure 3.1, we illustrate the geometrical interpretation of the proposed
divergence (CCS-DIV), which is equivalent to Cauchy Schwarz Divergence (CS-DIV).
Geometrically, we can show that the angle between the Joint pdfs and Marginal pdfs in

the CCS-DIV is given as following:

v v
Occs = acos <ﬁ) = 0.5 = acos (\/TLVM) (3.17)

where acos denotes the cosine inverse. As a matter of fact, the convex function f
renders the CS-DIV a Convex contrast function for the ¢ = 1and a = —1 cases.
Moreover, it provides the proposed measure an advantage over the CS-DIV in terms of

speed and accuracy.

3.2.5 Evaluation of Divergence Measures

In this section, the relations among the KL-DIV, E-DIV, CS-DIV, JS-DIV, a-
DIV, C-DI1V, and the proposed CCS-DIV are discussed. C-DIV, a-DIV, and the proposed

CCS-DIV with a = 1,a = 0 and a = —1 are evaluated. Without loss of generality, a
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f(p(x4,x5))

£4p (x1)p(x2))

Decs x 2 Vee = c0s(0ccs)\V i Vum
= —log((cosBcs)?):

Figure 3.1: Illustration of Geometrical Interpretation of the proposed Divergence
simple case is considered. Two binomial variables {x,X,} in the presence of the binary
events {A, B} are considered as in [20], and [24].

The  joint  probabilities are Px, x, (A A), Px, x, (A, B),
Px,x,(B,A) and py_, (B,B), and the marginal probabilities are py (A), px, (B), px,(A)
and py, (B). Different divergence methods are tested by fixing the marginal probabilities,
e.g., Px,(A) = 0.7,py, (B) = 0.3, px,(A) = 0.5 and py,(B) = 0.5, and setting the joint
probabilities of py, ,(A,A) and py, ,(B,A) free in the intervals (0, 0.7) and (0, 0.3),
respectively.

Figure 3.2 shows the different divergence measures versus the joint
probability py «, (A,A). All the divergence measures reach the same minimum
at py, x,(A,A) = 0.35, which means that the two random variables are independent.
Figure 3.3 shows the CCS-DIV and a-DIV at different values of o, which controls the
slope of curves, respectively. Among these measures, the steepest curve is obtained by
the CCS-DIV ata = —1. Fig. 3.4 represents the CCS-DIV with different values of a:

positive values more than +1 and negative values less than -1.
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Notably, CCS-DIV works with any value of a and it effectively increases the
slope of the “learning” curve by decreasing a; on the contrary, C-DIV and o-DIV work
only for |a| < 1. Furthermore, the flattest curve is obtained by CCS-DIV with increasing
a, see Figure. 3.4. This is similar to E-DIV [6] and C-DIV [20] with « = 1. Moreover, as
we have shown in Figure 3.2 and Figure 3.4, CCS-DIV with a > —1 is comparatively
sensitive to the probability model and obtains the minimum divergence effectively.
However, CCS-DIV with a = —1 should be a good choice as a contrast function for
devising the ICA algorithm.

It is also worthwhile to compare and study the difference between the proposed
measure and the Cauchy-Schwarz measure. Figure 3.5 shows the different divergence
measures versus the joint probabilities py, ,, (A, A) and py, », (B, A). According to Figure
3.5, all the divergence measures reach the same minimum on the line p, ,,(A,A) =
1.5py, x,(B,A) , which means that the two random variables become independent. One

can observe that the CS-DIV is not a convex function of the pdfs in contrast to CCS-DIV

from the graphs in Figure 3.5.
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3.3 Convex Cauchy-Schwarz Divergence Independent Component Analysis
(CCS-ICA)

In this section, we develop the ICA algorithm by using the CCS-DIV as a contrast
function. Let us consider a simple system that is described by the vector-matrix form

x=Hs+v (3.18)

where X = [Xq, ..., xy]T is a mixture vector, s = [sy,...,sy]T is a source signal

vector, v = [vq,...,vy]T is an additive noise vector, and H is an unknown full rank

M X M mixing matrix. However, to obtain a good estimate of Y = Wx of the source

signals s, the contrast function CCS-DIV should be minimized. Then, the components of

Y become least dependent, that is, when this demixing matrix W becomes a rescaled

permutation of H™1. Following the standard ICA procedure, the original data x should be
preprocessed by removing the mean {E[x] = 0} and by a weighting matrix{ V=

-1 . . . .
A 2ET}, where the matrix E represents the eigenvectors matrix and A the eigenvalues
matrix of the autocorrelation, namely, {Ry, = E[xx"]}. However, the whitening step

obtained matrix (V) so that the MxT whitened data vector (X;) has covariance of identity

1
matrix, {R,, = Ix}, which can be obtained as {Xt = A_EVTX}. The demixing matrix can

be estimated by, e.g., the gradient descent algorithm [2], [13]:

0Dccs (X, W(K))

Wk +1) = W(k) -y 2SS

(3.19)

where k represents the iteration index and y is a step size or a learning rate.
Therefore, the updated term in the gradient descent is composed of the differentials of the

CCS-DIV with respect to each element wy,; of the M X M demixing matrix W.
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The differentials %}(z\;&)) ,1<m,I<M are calculated using a different
ml

probability model and CCS-DIV measures as in [2], [20] and [24]. The update procedure
(14) will stop when the absolute increment of the CCS-DIV measure meets a predefined

threshold value. During the iterations, we should make the normalization step wy, =

Wm /| Wi | for each row of W, where ||. || denotes a norm. Furthermore, we can use the
m

CCS-DIV measure in the natural gradient format to increase the efficiency of the ICA-
based algorithm, i.e.

dDccs(XW(K))

Wk +1) = W(k) -y 2

WTRW(K) (3.20)

The natural gradient KL-ICA algorithm [28] suffers from the problem of
convergence to the matrix with large scaling values, especially, if the initial demixing
matrix and learning rate are not carefully selected by the user. This kind of problem is too
challenging and hard to overcome specifically when a highly non-linear function is
presented in the KL-ICA. However, many regularization algorithms have been proposed
to stabilize the KL-ICA algorithm and improve the convergence speed as in [2], [13], and
[28].

In general, dealing with the indeterminacy of the scales of the demixed signals in
the natural gradient form is, at most times, hard. Here, the ICA algorithm based on the
CCS-DIV measure mitigates this problem by selecting an appropriate learning rate.

In setting up the CCS-ICA algorithm based on the proposed CCS-DIV
measure, Dccs (X4, X5, @), usually, the vector x4 corresponds to the observed data and the
vector X, corresponds to the estimated or expected data. Here, the CCS—ICA algorithm is

established as follows.
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Assuming that the demixed signals Y, = WX, with the mth component denoted as
Vmt = W X¢. Then, using CCS-DIV as the contrast function with built-in convexity
parameter o, we get

JJ £(p(Yy).dy1dyz - [ (1Y p(yme))-dy:1dy
S £ (Ye)-f(ITY p(yme))-dy1dy2]?

Dees(Yo Yo @) = log (3.21)

We use the Lebsegue measure [5] to approximate the integral with respect to the
joint distribution of Y; = {y;, V3, ..., yn}. The contrast function thus becomes

1 2 (p(WX0)) 2T ([N (p(WmXr)))
[ZT fpWX)-F(ITY (p(WmX))]?

Dees (Yo, Yme, @) = log (3.22)

The adaptive CCS—ICA algorithms are carried out by using the deferential of the
proposed divergence <aDCCS(Yt’ Ymo (x)/ ow l) which is derived in Appendix A. Note
m

that the derivative of determinant demixing matrix (det (W)) with respect to element

(W ) equals the cofactor of entry (m,1) in the calculation of the determinant of W,

which means (a g:\f(w) = ml). And the joint distribution of the output is determined by
ml
. SO :
p(Y) = et (wy] 10 Appendix A.

For simplicity, we can write Dccs(Ye, Ymt, @) as a function of three variables.

Vl'VZ

Dees(Yo Y @) = 108@ (3.23)
Then,
0Dccs (Yo Yme.o) _ ViV,+V,Vy—2V,V, V5 (3.24)
W1 V1V,Vs
where

T T
V= YY), V= ) 2600F (WY,
t=1 t=1
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T T
Vo= Y PGm) s V= ) 2 mdf G
t=1 t=1
T
Vs = V) (o)
t=1
T T
Vi = D E MmOV + ) O Gm) Vi
t=1 t=1

Y. = p(WXpandy, = 1_[ P(WmX¢)

Y; p(Xy)  ddet(W)
Y, = = — : - sign(det(W),
Y owpy, |det(W) |2 dwpy sign(det(W)
d det(W)
Where 65vm1 = W

aYmt 1—[ (wiX )ap(wnXt) .
Ymt p jot a( Xt) I

where x; denotes the Ith entry of X;.

In general, the estimation accuracy of a demixing matrix in the ICA algorithm is
limited by the lack of knowledge of the accurate source probability densities. However,
non-parametric density is used in [1], [13], [15], [43] by applying the Parzen window
estimation since it has a distribution shape that is data-driven and is flexibly formed
based on the Kernel functions with a bandwidth h. In this work, a novel non-parametric
CCS-ICA algorithm is also presented by minimizing the CCS-DIV to generate the

demixed signals Y = [y, V2, ., ym]
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The demixed signals are described by the following univariate and multivariate

distributions [43],

P(ym) = 7 D=y 9 (Z2m) (3.25)

p(Y) = —= ¥ o (5 (3.26)

where the univariate Gaussian Kernel is

1 u?

9(u) = (2n) 2" 2

and the multivariate Gaussian Kernel is

u

Qo) = (2m) ze ™.

The Gaussian kernel, used in the non-parametric ICA, is a smooth function. We

note that the performance of a learning algorithm based on the non-parametric ICA is

better than the performance of a learning algorithm based on the parametric ICA. By

substituting (20) and (21) with Y, = WX, and y,; = w,X; into (17), the nonparametric
CCS-DIV becomes

STy POWXO) T, 2 (A ST, o))

(S H(pWxo) AT S, oSG}z

Dees(Yo Ymp @) = log

(3.27)

and its derivative is

0Dccs (Yeyme®) _ ViVo+ViV5—-2V,V, V5
an] V1V2 V3

(3.28)

where

T T
V= ) R, V= ) 2f0F (Y
t=1 t=1
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T T
Vo= Y PGm) s V= ) 2 mdf G
t=1 t=1
T
Vs = V) (o)
t=1

T T
Vi = D E MmOV + ) O Gm) Vi
t=1 t=1

Y: = p(WXp)
. oY, p(Xy) ddet(W)
Y{ = Gw ~ TdetW)Z  awn sign(det(W),
where ag::(W) = W,,;; and sign(-) is the sign function. Thus
ml
M T N
—ﬂizﬂ yml 1—[ z Wm(Xt Xi)
Ymt Th Th
m=1 i=1 n=1

. 1_[ p(w]-Xt) .

j*¥m
where X and X;; denote the Ith entry of X.

Remark: This non-parametric CCS DIV might suffer from insufficient data and

high computation in _a high dimensional space, especially when estimating the joint

distribution. In this case, the pairwise iterative scheme which is proposed in [20], [38]

should be used to mitigate this potential drawback.
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Algorithm 3.1: ICA Based on the gradient descent

Input: (M x T) matrix of realizations X, Initial demixing matrix W = Iy,
Max. number of iterations Itr, Step Size y i.e. y = 0.3, alpha a i.e. « = —0.99999
Perform Pre-Whitening
{(X=V+xX=A"-1/2) E'T X},
For loop: for each I Iteration do
For loop: foreacht =1, ...,T
Evaluate the proposed contrast function and its derivative

< 0Dccs(Ye, Yot “)/a )
Wi

End For
Update de-mixing matrix W
0D ccs(X, W)
W=Ww Y—OW
Normalization of W
Check Convergence
|AD, || < €ie. e =10"*
End For

Output: Demixing Matrix W, estimated signals y

3.4 Scenario of two or three source signals

Generally Speaking, the non-parametric ICA algorithm suffers from insufficient

data and high computation in a high dimensional space, especially when estimating the

joint distribution. However, in several previous reports in the literature, e.g., [13], [16],

the authors suggest applying the pairwise iterative schemes to tackle the high dimensional

data problem for non-parametric ICA algorithm(s). However, there are no results

indicating how the performance would hold up with the pairwise scheme, especially in

terms of computational complexity and in terms of the accuracy of the non-parametric

ICA algorithm. In this work, we present two effective pairwise ICA algorithms: one is

based on the gradient descent and the other is based on the Jacobi optimization [16].
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Without loss of generality, one can represent the demixing matrixW as a series of
rotational matrices in terms of unknown angle(s) 0;; € [—T/4, /4] between each two

pair (i,j) of the observed signals. Specifically, define the pairwise rotation matrix

cos 6 — sin 6;;
w(6y) = [sin 6;; cos 6;; (3.29)

The idea is to make each pair of the estimated (marginal) output “independent” as
possible (minimize dependency). It was proved and pointed out by Comon in [6] that the
mutual independence between the M whitened observed signals might be attained by
maximize the independence between each pair of them. In this work, we present two
algorithms to solve the high dimensional problem in the non-parametric scheme. First, we
adopt the non-parametric algorithm based on the gradient descent into the pairwise

iterative scheme of Algorithm 3.2.

Algorithm 3.2: ICA Based on pairwise gradient decent scheme

Input: (M xT) matrix of realization X, Initial demixing matrix W = I,
number of iterations Itr, Step Size y i.e.y = 0.3, alpha aie. a =—0.99999
For loop: foreachi=1..M — 1
For loop: foreachj=i+1..M
Initial demixing matrix W, = I,
While: while (true)
Find W, from due to Algorithm 1 for each pairs of X ;
End While
Initial rotational matrix
R = IM)
Update rotational matrix
R([i j1.Ii jD =W,
Update Demixing matrix
W=R+xW
Update observation Matrix
X=W*X
End For
End For

Output: Demixing matrix W and demixed sources in X
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Second, we proposed a CCS-ICA algorithm based on Jacobi pairwise scheme in
Algorithm 3.3. This algorithm based on finding the rotation matrix in (3.29) that attains

the
minima of CCS-DIV. So, in fact, we set up the range of thetas, such that 6;; € [ — p:i: 0, :

p:i], where 0, is the grid search, for instance 6 = E—i. Then for each pair (i,j) of the

observation data, we find the demixing matrix W,, which attains the minimum of the

CCS-DIV. Please refer to Algorithm 3 for more details.

Algorithm 3.3: /CA Based on pairwise Jacobi scheme

Input: (M xT) matrix of realization X, Initial demixing matrix W = I,
number of iterations Itr, Step Sizey i.e.y = 0.3, alpha aie a =—0.99999
Perform Pre-Whitening
(X=VxX=A"((-1)/2) E'T X},
For loop: foreachi=1..M —1
For loop: foreachj=i+1..M

For loop: For each 6, = _pp.p
464 4
__[cos 6, —sinB,
27 |sinf; cosb,
Evaluate
D .(X([ij],:),WyxX([i]j],:), @) Forallt =1,...,T.
End For
Find

Wz = Tnin,w2 DC(X(ij, . ), Wz * X, a)
Initial rotational matrix
R = IM:
Update rotational matrix
R([i jl.[i jD) =W,
Update Demixing matrix
W=R+xW
Update observation Matrix
X=WxX
End For
End For
Output: Demixing matrix W and estimated Sources in X
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3.5 Computational Complexity
Given T realizations of M observation signals, the computational complexity of the

proposed algorithms rely on T and the number of observation signals M, and

M(I\g—l)Tz)' The computational complexity has been a

approximately is given byO(
measure of merit for ICA algorithms. With the advent of Graphics Processing Units
(GPUs) (see Nvidia.com, e.g.), and more powerful computing platforms, performance
accuracy holds more merit. In our comparison among the ICA algorithms, we employ
several metrics including computational load time and accuracy. In this work, we
employ the adaptive sampling technique that produces improved performance in terms of
accuracy and computational load together. The presented technique samples the signal
into small time blocks in order to evaluate the integration of the proposed divergence and
reduce the computational complexity. Thus, we have introduced sampling factor T ¢ to
evaluate the proposed divergence at each T instance. Therefore, the computational
complexity of the proposed algorithm is reduced by the square of the sample factor T to

M(M-1)

2
be less than O ( (Tl) ) Namely, we quantize the specific area of integration of the

. : T :
proposed divergence into equal (T—) segments to evaluate the proposed divergence.

S

3.6 Simulation Results
Several experimental results are conducted to compare the performance of
different ICA-based algorithms. This work provides results that have a diversity of

experimental data and conditions.
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3.6.1 Sensitivity of CCS-DIV measure

This experiment evaluates the proposed CCS-DIV divergence measure in relation
to the sensitivity of the probability model of the discrete variables. Results indicate that
the CCS-DIV with a = 1and a = —1 successfully reaches the minimum point of the
measure. Let us consider the case as in [20], [34], [35], where the mixed signals X = AS,
to investigate the sensitivity of CCS-DIV with a =1anda = —1, respectively.
Simulated experiments in [20], [35] were performed for two sources (M = 2) and with a
demixing matrix W

_ [cosB; sinB;
W= cos0, sin0, (3.24)

where W, in this case, is a parametrized matrix that establishes a polar coordinate
system. The row vectors in W have unit norms and provide the counterclockwise rotation

of 6; and 0, , respectively. The orthogonal rows in W holds the relationship between

0, and 06, , which is0, =6, i;- Notably, the amplitude should not affect the

independent sources. By varying 0; and 8, , we get different demixing matrices.
However, consider the simple case, i.e., mixtures of signals of two zero mean continuous
variables; one variable is of a sub-Gaussian distribution and the other variable is of a
super-Gaussian distribution. For the sub-Gaussian distribution, we use the uniform

distribution

1

p(s1)= { P 51 (tm) } (3.25)

0 Otherwise

and for the super-Gaussian distribution, we use the Laplacian distribution

p(s;) = 7—exp |~ =] (3.26)
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In this task, data samples T = 1000 are selected and randomly generated by

using T; = 3 and t, = 1. Kurtosis for the two signals are —1.2, and 2.99, respectively,

4
and they are evaluated using Kurt(s) = Els ]/ E[s?] ~ 3.

Without loss of generality, we take the mixing matrix as the 2 X 2 identity matrix,
thus, x; = s; and x, =s, [6], [20], [25]. The normalized divergence measures of the
demixing signals and their sensitivity to the variation of the demixing matrix is shown in
Figure 3.6. As shown in Figure 3.6, the variations of the demixing matrix are represented
by the polar systems 01 and 2. A wide variety of demixing matrices are considered by
taking the interval of angles {0, and 6, } from 0 to ©. Furthermore, Fig. 3.6 evaluates the
CCS-DIV along with E-DIV, KL-DIV, and C-DIV with a« =1anda = —1 . The
minimum (i.e., zero) divergence is achieved at the same conditions {6; = 0 and 0, =

T .
2 } as is clearly seen.

In addition, no local minima are found. Clearly, the values of CCS-DIV with
a = 1 are low and flat within the range of 62 between 0.5 and 2.5. This performance is
similar to other divergence measures as in [20], [25]. Contrarily, the values of CCS-DIV
with a = —1 enable a relatively more convex form in the same range. Thus, the CCS-
DIV with a = —1 leads through the steepest descent to the minimum point of the CCS-
DIV measure. Observe that the CCS-DIV with a = 1 has a flat curve with respect to
0, and 0,. For other a values, the CCS-DIVas a contrast function, can produce large
decremental steps of the demixing matrix towards convergence to the solution. And
again, one can observe that the CS-DIV is not a convex function in contrast to CCS-DIV

from the graphs in Figure 3.6.
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3.6.2 The performance and the convergence speed of the proposed CCS-
ICA algorithms versus the existing ICA-based algorithms
In this section, Monte Carlo Simulations are carried out. It is assumed that the
number of sources is equal to the number of observations “sensors”. All algorithms have
used the same whitening method. The experiments have been carried out using the
MATLAB software on an Intel Core i5 CPU 2.4-GHz processor and 4G MB RAM. Each
entry corresponds to the average of corresponding trial “independent Monte Carlo” runs
in which the mixing matrix is randomly chosen.
First, we compare the performance and convergence speed of the gradient descent
ICA algorithms based on the CCS-DIV, CS-DIV, E-DIV, KL-DIV, and C-DIV with
a=1and a = —1. In all tasks, the standard gradient descent method is used to devise
the parameterized and non-parameterized ICA algorithms based on CCS-DIV with y=0.7
and y=0.3 for a=1 and o=-1 cases, respectively , CS-DIV with y=0.3, E-DIV with
v=0.06, KL-DIV y=0.17 as in [14], and C-DIV with y=0.008 and y=0.1 for a=-1 and a=1

cases, respectively as in [13]. During the comparison, we use the bandwidth as a function

-1
of sample size, namely, h = 1.06T s [13-15]. To study the parametric scenario for the

ICA algorithms, we use mixed signals that consist of two signal sources with a mixing
matrix A = [[0.5 0.6]T [0.3 0.4]T], which has a determinant det(A) = 0.02. One of the
signal sources has a uniform distribution (sub-Gaussian) and the other has a Laplacian
distribution with kurtosis values —1.2109 and 3.0839, respectively. T = 1000 sampled
data are taken using a learning rate y = 0.3 and for 250 iterations. The gradient descent
ICA algorithms based on the CCS-DIV, CS-DIV, E-DIV, KL-DIV, and C-DIV with

a = 1and a = —1, respectively, are implemented to recover the estimated source signals.
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The initial demixed matrix W is taken as an identity matrix. Fig. 3.7 shows the demixed
signals resulting from the application of the various ICA-based algorithms. Clearly, the
parameterized CCS—ICA algorithm outperforms all other ICA algorithms in this scenario
with signal to interference ratio (SIR) of 41.9 dB and 32 dB, respectively. Additionally,
Fig. 3.8 shows the “learning curves” of the parameterized CCS—ICA algorithm with a =
land a = —1 when compared to the other ICA algorithms, as it graphs the DIV
measures versus the iterations (in epochs). As shown in Fig. 3.8, the speed convergence
of the CCS-ICA algorithm is comparable to the C-ICA and KL-ICA algorithms.
Furthermore, Table 3.1 and 3.2 summarize the performance of the proposed non-
parametric ICA algorithms with o = —1 against other several algorithms, i.e. CS-DIV,
E-DIV, KL-DIV, C-DIV with a=-1 and IK-DIV in terms of accuracy and
computational complexity, respectively. CCS2 and CCS3 represent Algorithm 2 and
Algorithm 3, respectively. We also compare it with other benchmark algorithms such as
FastICA [8], RobustICA [7], JADE [11] and RapidICA [42]. For these methods, the
default setting parameters are used according to their toolboxes and their publications. In
this task, we have examined the aforementioned ICA algorithms to separate mixtures of
two sub-Gaussians, two sup-Gaussians, and both sub and sup- Gaussian signals. We use
the following distributions: For the sub-Gaussian distribution, we use the uniform

distribution
1

p(sl)={Z s (-t.m) } (3.27)
0 Otherwise

and the Rayleigh distribution, we use the following

p(s2) = szexp |~ 52—%] (3.28)

For the super-Gaussian distribution, we use the Laplacian distribution
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p(ss) = 5-exp [~ 22] (3.29)

T2

and log-normal distribution, we use the following

p(sy) = exp [~ L8] (3.30)

2

Also, data samples, T = 1000, are selected and randomly generated by
usingt; =3 andt, = 1. Kurtoses for all aforementioned signals are
—1.2,2.99,—0.7224,and 8.4559 respectively, and they are evaluated using Kurt(s) =
E[s*] / (E[s* D* 3.

One can observe several patterns from Tables 3.1, 3.2 and 3.3. The presented
algorithms based on the proposed measure show the best performance in terms of
accuracy (in most cases) and stability. The proposed algorithm CCS3 exhibits the
comparable behavior in terms of speed and stability with KL and ED. Clearly, the
proposed divergence improves the CS-DIV in terms of stability and performance.
Notably, most the presented divergences struggle to separate the Rayleigh distributions
(s2,52) (including the KL-DIV) except the proposed divergence and C-DIVs. Moreover,
Table 3.3 verifies our point in this letter, thanks to the convexity; the stability of the
proposed algorithm outperforms the CS-DIV and makes the divergence more robust
against variation of parameters.

Also, it is obvious that the non-parametric methods perform betters in terms of
performance and stability than the non-Gaussian methods such as JADE, FastICA and
other algorithms. Nevertheless JADE performs better than each of FastICA, RobustICA
and Rapid ICA in terms of accuracy in some cases, but in terms of speed, we find that
these later algorithms outperform the JADE algorithm, especially the rapid ICA and

Robust ICA. However, Table 3.5 summarizes the performance of the aforementioned
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algorithms in a more complex separation process. A different, randomly generated source
signals (refer to Table 3.4) and mixing matrices are employed. As a result, Table 3.4
summarizes the performance of each algorithm in terms of the standard error metric
(multiplied x100), see [1], [13]. All results have been averaged over a number of
independent Monte Carlo runs. Table 3.4 demonstrates again that the non-parametric ICA
based on the proposed divergence provides the best performance in terms of accuracy (in
most cases). However, in terms of speed, RapidICA, FastICA, RobustICA and JADE
perform better. So, these algorithms could be chosen to initialize for methods of higher
performance in order to reduce the overall computational load.

Since, the comparison between the ICA algorithms has relied on two criteria,
namely, accuracy and computational load, a tradeoff between these two criteria has
always been assessed for each targeted application. We also note that with the advent of
Graphics Processing Units (GPUs), computational load/speed becomes less of a factor,
and the true metric becomes accuracy. Table 3.6 summarizes the performance of CCS-
ICA (see Algorithm 3.3) based on the different values of T, (1,10,100,1000), and
Table 3.7 shows their corresponding computational load in seconds. Based on these
results, one observes that the best performance of the CCS-ICA, Algorithm 3.3 scheme,
in terms of accuracy and speed occurs with T; = 100. For brevity, Readers can get more
results of non-parametric of CCS-ICA algorithm at http://www.egr.msu.edu/bsr/.

Also, to check the robustness of the proposed algorithm, we have modified the
initial demixed matrix W to be random. Figure 3.9 and Figure 3.10 show the results of

the SIR of the demixed signals and the learning curve of C-ICA, E-ICA, KL-ICA, and
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CCS-ICA with a = 1, and o = -1 in a two-source BSS task with a random initial

demixing matrix, respectively.

These results agree with those in the previous sections. We also report the time of

each epoch for using different divergence measures in their implementation. Furthermore,
Figure 3.11 shows the “learning curves” of the CCS-DIV measure with several convexity

parameter values in a three-source BSS task. The mixed signals are a result of the mixing

matrix
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A=1[[0.3 0.2 04]" [0.4 0.8 0.7]T [0.5 0.6 0.3]" ]

and three Laplacian distributions withty =1,17, =0.5, andt; = 1.5,
respectively. The sampled data of each source has samples T = 1000. The values of the
kurtosis of the three sources are 3.22, 3.08, and 2.57, respectively. In this task, the
standard gradient descent method (3.19) is used to devise the parametrized ICA
algorithms based on CCS-DIV withy = 0.7, CS-DIV withy = 0.3, E-DIV withy =
0.06, KL-DIV y = 0.17 as in [25], and C-DIV withy = 0.008 as in [20].Clearly, the
CCS-ICA with a=—1 (as well as the C-ICA witha = —1) attains the same
convergence speed, see Figure 3.12. Moreover, Figure 3.13 depicts the SIR of the
demixed signals of all the algorithms. It is obvious that the CCS—-ICA with « = —1 has a

better performance when compared to all others algorithms.
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Figure 3.7: Comparison of SIRs (dB) of demixed two speeches and music signals by
using different ICA algorithms in parametric BSS task.
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Table 3.7: The performance of the ICA algorithm based on the proposed
divergence and other widely used ICA algorithms in terms of Amari error (multiplied
by 100). Each entry averages over the corresponding number of trials.

Dimensions  Samples  Trials JADE  FastICA  RapidICA  RobustICA  CS CDIV  KLDIV ~ CCS2 CCS3

2 1000 512 56 73 6.1 72 25 22 23 21 2
2000 512 5.1 59 55 6 19 19 1.9 19 18
4000 512 3.1 41 35 43 16 16 1.6 1.6 1.4
8000 512 24 2.6 25 2.6 14 14 1.4 14 1.1
4 1000 200 8 97 9.1 98 31 3.1 31 31 25
2000 200 54 73 6.5 72 29 29 2.9 2.9 18
4000 200 42 42 41 43 14 14 1.4 1.4 1.6
8000 200 2.1 2.7 25 2.7 15 15 15 15 12
8 1000 75 105 103 96 11.2 46 46 4.6 46 32
2000 75 8.1 3.0 76 32 39 39 39 39 3
4000 75 57 41 44 39 23 23 23 23 28
3000 75 27 31 3.0 32 2 2 2 2 1.9
16 1000 15 8 97 9.1 98 81 8.1 8.1 8.1 55
2000 15 54 73 6.5 72 69 69 6.9 6.9 51
4000 15 42 42 41 43 56 5.6 56 5.6 42
8000 15 21 2.7 25 2.7 36 36 36 36 2.9
20 1000 5 223 211 20.1 26.2 141 111 141 111 89
2000 5 157 156 15.2 16.2 93 133 103 8.3 72
4000 5 78 72 71 72 75 76 64 6.7 53

annn - 3R] A A an G A a - a4 ~ A

Table 3.6: The computational load, in seconds, of
the ICA algorithm based on the proposed divergence and
other widely used ICA algorithms, each entry averages
over the corresponding number of trials.

Dimensions Samples T Trials CCS3 CCS34t  CCS3 CCS3
M at 0.01T At At
0.1T 0.001T 1
2 1000 1024 0.4 2.8 29.8 28
2000 1024 0.5 4.8 44.8 96.4
4000 1024 0.8 8 71.9 342.9
8000 1024 1.5 10.6 137 1073
4 1000 250 1.8 24 218.1 2379
2000 250 4.3 39 344.8 630.3
4000 250 5.9 47.9 5934 2348.6
8000 250 10.2 83.6 1105 7737.1
8 1000 100 19.3 128.7 1053 1174
2000 100 31.5 201.7 1743 3347
4000 100 46.5 266.4 3109 11705
8000 100 74.2 241.8 5534 42115
16 1000 25 170.6 909.5 6282 4376.2
2000 25 242.3 1171 9320 17918.3
4000 25 305.5 1403 14717 58894.6
8000 25 329.9 2297 25658 10483.4
20 1000 10 339 1195.7 9605 11355.2
2000 10 4274 1724.2 14708 27504.8
4000 10 607.6 2398.3 23634 52536.6
8000 10 900 3754.5 42538 97312.1
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3.6.3 Experiments on Speech and Music Signals

Two experiments are presented in this section to evaluate the CCS-ICA
algorithm. Both experiments are carried out involving speech and music signals under
different conditions. The source signals are two speech signals of different male speakers
and a music signal. The first experiment is to separate three source signals from their
mixtures given by X = AS where the 3 x 3 mixing matrix

A=[[08 03 —0.3]T [0.2 —0.8 0.7]T [0.3 0.2 03]T ].

The three speech signals are sampled from the ICA *99 conference BSS test sets
at http://sound.media.mit.edu/ica-bench/ [24], [66] with an 8 kHz sampling rate. The non-
parametrized CCS—ICA algorithms (as well as the other algorithms) with a = 1 and a =
—1 are applied to this task. The resulting waveforms are acquired and the signal to
interference ratio (SIR) of each estimated source is calculated. We use the following to
calculate the SIR:

Given the source signals S ={sq,s,, ..sy} and demixed signalsY =

{y1,¥2, -..ym}, the SIR in decibels is calculated by

— E%\/[=1||St||Z
SIR (dB) = 10 log —==1_ (3.31)

SHllye-sell?
The summary results are depicted in Figure 3.14. In addition, Figure 3.14 shows
the SIRs for the other algorithms, namely, JADE, Fast ICA, Robust ICA, KL-ICA and C-
ICA with a = 1 and a = —1. As shown in Figure 3.14, the proposed CCS—ICA algorithm
achieves significant improvements in terms of SIRs. As shown in the previous figures
also, the proposed algorithm has consistency and obtains the best performance among the

host of algorithms
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Moreover, a second experiment is conducted to examine the comparative
performance in the presence of additive noise. We now consider the model x = As +v
that contains the same source signals with additive noise and with a different mixing
matrix

A=[[08 0.3 —0.3]T [0.2 —0.8 0.7]T [0.3 0.2 0.3]T]

The noise v is an M x T vector with zero mean and 21 covariance matrix. In
addition, it is independent from the source signals. Figure 3.15 shows the separated
source signals in the noisy BSS model with SNR = 20 dB. In comparison, Fig. 3.16
presents the SNRs of all the other algorithms. Clearly, the proposed algorithm has the
best performance when compared to others even though its performance decreased in the
noisy BSS model. Notably, the SNRs of JADE, Fast ICA and Robust ICA were very low
as they rely on the criterion of non-Gaussianity, which is unreliable in the Gaussian-noise
environment. In contrast, C-ICA, KL-ICA, and the proposed algorithm, which are based
on different mutual information measures, achieved reasonable results. We note that one
can also conduct and use the CCS-DIV to recover the source signals from the convolutive

mixtures in the frequency domain as in [3], [38].
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CCS-ICA algorithm in instantaneous BSS task with additive Gaussian noise.
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3.7 Conclusion

A novel divergence measure is presented based on integrating convex functions
into the Cauchy—Schwarz inequality. This divergence measure is used as a contrast
function to develop new ICA algorithms to solve the Blind Source Separation (BSS)
problem. The CCS-DIV derived algorithms can be controlled to attain the steepest
descent towards the minimum value. Also, a pairwise iterative scheme is employed to
address the high dimensional problem in BSS. Two schemes of pairwise non-parametric
ICA algorithms are developed based on the proposed divergence. Several examples and
experiments are carried out to show the improved performance of the proposed
divergence. Furthermore, this chapter compares the metric performance with a host of

leading ICA algorithms. We have developed also nonparametric CCS—ICA approaches to
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demixing where the source signals are estimated by the Parzen Window density. The
conver—gence speed of the parameterized CCS-ICA procedure is evaluated and
compared to other algorithms. The proposed CCS—ICA algorithms attained the highest
SIR in separation of speech and music signals relative to other leading ICA-based

algorithms.
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4 Chapter 4

A RobustICA-Based Algorithm for Blind
Separation of Convolutive Mixtures

We propose a frequency-domain method based on robust independent component
analysis (RICA) to address the multichannel Blind Source Separation (BSS) problem of
the convolutive speech mixtures in highly reverberant environments. We impose
regularization processes to tackle the ill-conditioning problem of the covariance matrix
and to mitigate the performance degradation in frequency domain methods. We apply an
algorithm to separate the source signals in adverse conditions, i.e. high reverberation
conditions when short observation signals are available. Furthermore, we study the
impact of several parameters on the performance of separation, e.g. overlapping ratio and
window type in the frequency domain method. We also compare different techniques to
solve the permutation ambiguity. Through simulations and real-world experiments, we
verify the superiority of the presented algorithm among other BSS algorithms, i.e.

recursive regularized ICA (RR-ICA), independent vector analysis (IVA) and others.

4.1 Introduction
Blind Source Separation (BSS) has a solid theoretical foundation and many

potential applications. In fact, BSS has remained a very important topic of research and
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development for a long time in many areas, such as biomedical engineering, image
processing, communication systems, speech enhancement, remote sensing, etc. BSS
techniques do not require any prior knowledge about a mixing matrix or source signals
and do not require any training data [1], [2].

Independent Component Analysis (ICA) is a powerful tool in BSS and
Multichannel Blind Deconvolution (MBD). ICA is a key factor of BSS and unsupervised
learning algorithms. ICA is related to Principle Component Analysis (PCA) and Factor
Analysis (FA) in multivariate analysis and data mining. This is especially the case when
corresponding to second order methods in which the components or factors are in the
form of a Gaussian distribution [1], [3], [6]. However, ICA is a statistical technique that
includes higher order statistics (HOS), where the goal is to represent a set of random
variables as a linear transformation of statistically independent components [1]. ICA
methods usually assume certain properties on the sources or mixing system in order to
exploit a separation criterion which imposes the same properties on their estimates.

In ICA of speech signals, several approaches have been proposed in a simple
case of instantaneous linear mixtures [12-18]. However, the convolutive linear mixtures
are considered more suitable in real-world applications [1-3]. Several convolutive ICA
approaches have been proposed for time domain [3], [4], and frequency domain [35]-[42]
methods. Also, refer to [3], [38] for more details of existing convolutive ICA methods.

In speech signals, one can exploit the inherent non-stationary attribute of natural
speech signals by using the second order statistics (SOS) method [2]. Mixing
environments are considered to be stationary environments and even on a short period,

one can exploit the Higher order statistics e.g. Joint Approximation Diagonalization
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(JAD) problem as in [16], [17]. According to [42], [143], online BSS algorithms can be
adapted in time domain under non-stationary conditions. The time domain approach
suffers from slow convergence, lack of stability and high computational complexity.

Alternatively, a block on-line frequency domain BSS algorithm is proposed in
[38]. Then, one can apply the separation processes on individual blocks of the input data
over time.  Furthermore, one can assume that the mixing environment is stationary on
short time windows. This means that the source signals don’t change their location
during this interval of time. This requires choosing the right time frame to grantee that the
separation algorithms are accurate enough with this given observed data within this
window. For more details, refer to [133], where there is a recent ICA algorithm based on
the time domain framework for the short mixtures.

The recursive regularized ICA [130] algorithms proposed allow estimating a
large number of demixing matrix even with a short amount of data. Despite the good
performance of the aforementioned algorithm, it is considered to be under a semi blind
category since it is based on prior knowledge about the acoustic source signals, i.e.: the
acoustic propagation and the spectral characteristic of the source signals. In [37], [50],
they studied the relationship between the number of frames of the STFT analysis and the
BSS algorithms based on frequency framework. They carry out that the BSS algorithms
in frequency domain are significantly affected by the number of the mixing matrices.
Also in [37], [50], they proposed the method that applying the ICA adaptation to a group
of frequencies in order to leave the size of the STFT large enough to achieve accurate
separation processes. However, this method assumes that the acoustic propagation

approximated is based on an anechoic model, i.e.: as the DRR decreases. However, there
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are several drawbacks for separating the acoustic sources based on frequency domain
methods [130]. First of all, when we have a high reverberation environment, this enforces
us to increase the number of demixing matrices to ensure an efficient estimation for the
source signals. However, this requirement is not easy to satisfy especially if we have
short observation signals of the source signals. Therefore, inspired by the works of V.
Zarzoso,P. Comon [11], this chapter considers several challenges for the convolutive
mixtures in the frequency domain in order to carry out the RobustICA based algorithm in
frequency domain. We can summarize these challenges as follows.
o Increasing the immunity of the BSS algorithm towards the outlets, e.g.
signals’ length, additive noise, reverberation time and source moving etc.
o [mplementing should be optimized to be suitable for the real-time
operation [42] in order to make the real-time DSP processor handle the
computational cost without interruptions or distortions.
o Effectively treating the scaling and permutation problems in the frequency
domain.
e Reducing the computational complexity of the ICA algorithms based on
the frequency framework.
o Controlling the accuracy of the ICA algorithm especially when short
mixtures are available and the demixing matrices are not constrained by

any anechoic model.

The remainder of the chapter is organized as follows: Section II, a brief
description of convolutive mixture and problem statement. Section III reviews the

Recursively Regularized ICA. Section IV presents the RobustlICA-Based method in
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frequency domain. In Section IV, we perform solving the ambiguities in ICA algorithm
based on frequency domain. The comparative experiments results and conclusions are

given in Section V and Section VI, respectively.

4.2  Convolutive Mixtures

A convolutive mixture can be considered as a natural extension of the
instantaneous BSS problem. Assume an m-dimensional vector of received discrete time
signals x(k) = [x;(k),x(K), ..., xn(K)]T at time k is to be produced from an n-
dimensional vector of source signals s(k) = [s;(Kk),s,(K), ..., Sy (kK)]T, where m > n,
by using a stable mixture model [2]:

x(k) = Xp=—o Hps(k — p) = Hp, * s(k),

with Y%, [[H,|| < oo 4.1)
Where * represents the linear convolution operator and Hyis an (m x n) matrix

of mixing coefficients at time-lag p.

4.2.1 Problem Definition

Assume that elements hj, denote the coefficients of the Finite Impulse
Response (FIR) filter Hy, , and L is the maximum unknown channel length. Then, the
noise-free convolutive model is written as follows:

x(k) = Xz Hps(k — p) 4.2)

Thus, one can find an approximate inverse channel matrix W, in order to

recover the source signals s(k) = [s;(k),s3(Kk), ..., Sm(k)]T such that
y(k) = Wy *x(k) = ZqQ:Oqu(k —q) =5(k) (4.3)
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where Q is the length of the inverse of the channel impulse response. However, there
are two approaches to solve this problem and recover the source signals. In time
domain approaches, they have several general drawbacks such as Q should be
selected at least equal to the unknown true channel L. Therefore, for a long mixing
filter, which means long transfer functions, the computation will be too expensive [2],
[3]. Also, using the IIR filter instead of long FIR filter to overcome this problem
really suffers from the instability and will need to invert the non-minimum phase
filters [2], [3], [133]. Moreover, time approaches are sensitive to channel order
mismatch [3]. However, time domain methods are suitable and very efficient for
small mixing filters such as in communication channel [2], [36]. With all these
limitations, we focus our study on frequency approaches to solve the cocktail party
problem. The main advantage of a frequency domain BSS approach is the ability to
apply the set of any instantaneous ICA algorithms to solve the convolutive BSS
problem. On other hand, the main challenge of BSS in the frequency domain is to
deal with the permutation and scaling ambiguities, see [3], [38] for a recent survey.
However, one can re-map the aforementioned BSS models into frequency domain by
applying the Discrete Fourier Transform (DFT) on the observed signals x(k) in order
to transform it to the instantaneous mixtures problem as follows:

x(k) = H*s(t) x(q,w) ~ H(w)s(q,w) (4.3)
where w is a frequency index, q is a frame index, s(q,w) = [s;(q, W), ...,
sm(q,w)]" and x(q, w) = [x,(q, W), ..., Xa(q, W)]".

In the previous equation, it is considered to be valid only for periodic signals s(t).

However, it is approximately valid if the time-convolution is circular. Therefore, to
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ensure that the time convolution is circular [1], it requires making the Fourier
Transform length significantly larger than the maximum length of the mixing
channels L [6]. In [38], [130], they imposed the spectral smoothing approach in order
to mitigate the circularity effect in frequency domain BSS methods. In practice, to
avoid the convergence into local minima during the separation processes, one can
separate the observed signal at each frequency bins. Thus, the sampled observed
signals x¢(t) are sampled at the discrete time instantng using the sampling
frequencyfs. And then transforming it into time-frequency domain x¢(q, w) using the
short time frequency transform (STFT) applied to T overlapped samples of the
observed signals. However, one can express the time-frequency of the nth sensor at t
frame as follows

ns—q.shift) e—j21'rwE

Xs(q,w) = X, Xs(ns)win( 3 fs Vw= %fs ,q€ [0,...,T—1] (4.4)

Where win(-)denotes the windowing function, here, we usually use the Hanning

window since it is typically for acoustic signals. The Hanning window [6] is given by

win(ng) = %(1 + cos (ZTS» (4.6)

In a real-world scenario, we use the reverberation time Tgyto approximately
define the length of the impulse response, since the impulse response functions h(t)
are theoretically being infinite. The reverberation time Tg, is the required time that
reduces the energy of sounds into 60 dB where the sound signal becomes no longer
active or “dies away”. Therefore, the convolutive ICA model can be approximated

into a series of the instantaneous ICA model as follows:

x(q,w) = H(w)s(q, w) (4.7)
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Where w represents the frequency bin, t denotes the time domain frame, e.g. in a
short time frequency transform, x(q, w) is a column vector of the observed signals in
frequency domain, s(q, w) is a column vector of the original source signals and H(w)
is an M x N mixing matrix in frequency domain.

For the sake of simplicity: let us assume that the number of source signals N
equals to the number of the observed signals M. Thus, by applying the ICA algorithm
to the x(q, w) at each frequency bins, one can recover the estimated source signals as
following

y(q,w) = W(w)x(q, w) (4.8)
Where W(w) is the demixing matrix at w frequency bin. Also, due to the well-known

symmetry property of the Fourier Transform, one can just find demixing matrices
(W(w)) a half of the frequency bins w € (0, ...,g), and then using the symmetry

property to find the others.

4.1 Recursively Regularized ICA

The recursive regularized ICA [130] algorithms are proposed to allow estimating
a large number of demixing matrix even with a short amount of data. Although this
algorithm performed well, it is considered to be under a semi blind category since it is
based on a prior knowledge about the acoustic source signals i.e. the acoustic
propagation and the spectral characteristic of the source signals.

Naturally, BSS assumes that the source signals are usually overlapping in time. In
acoustic signals, one can assume that the source signals have a sparse in time-

frequency domain which means that at each time-frequency point there is one
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dominant energy source signal. Also, acoustic source signals have usually temporal
continuity in the frequency domain.
First of all, let’s recall the estimated source signals y(t, w)

y(t,w) =W(t)x(t,w) (4.9)
Thus, the update law of the mixing matrix based on the natural gradient optimization

[2] as follows:

y(t,w) = [H®O] %t w) (4.10)
AH(t) & HOU — E[py(t, w))y(t w)"]D (4.11)

Then
H,., (t) = H(t) + uAH(t) (4.12)

During the updating processes, we updated all coefficients of the mixing matrix
Hyew(t) due to the gradient based on the Kullback Laibur divergenceg =
Ele(y(t, w))y(t, w)"].

According to [72], [130], weighting the instantaneous gradient will improve the
estimation technique in previous adaptation processes. Therefore, the developed

gradient expectation is given by [130] as follows:
ARy () = Hi(k) [1 = E[(y(e, w))y(e, w)"]]
AH; (k) = E[H,() (1 = 9 (t, w)y (&, w)™)]
= ¥4 C(q, W)OH (k) — ¢(y(t, w)y(t, w)¥) (4.13)
Where © is the Hadamard product (i.e., element-wise), and C(q,w) is a weight

matrix constructed as

(C(ql W) = [Cl (q: W), CZ (ql W), L] CN (q' W)] (4 14)
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And the generic weighting column vector C,,(q, w) is defined as

Cm(q,w) = %[1 1,17 (4.15)

Where N, is the number of time frames on which the gradient is averaged and

cm(q, w) is a weight.

4.2  The presented method Based on RobustICA framework
In this section, a new strategy is proposed, based on the RobustICA method of the
kurtosis framework [11] and [38]. Here, one needs to first recall the time-frequency
representation of the observed vector equation (2),
x(q,w) = H(w)s(q, w) (4.16)
The aim of this study is to estimate the demixing matrix W(w) from the observed
vector x(q, w) under the assumption that the impulse response of all mixing filters is
assumed constant during the recording. The estimated source vector is given as the

following at each frequency bin

y(q,w) = WWw)x(q,w) (4.17)

4.4.1 Step1: Preprocessing (Data Whitening)

In the preprocessing step, the demixing matrix W(w) are detected up to a unitary
matrix U(w) using the second order statistic (SOS). This step was used to reduce the
noise and to eliminate redundancy in the data at each frequency bin. The KxK
covariance matrix (R) of the noise free observed signals can be expressed by

R(q,w) = E[x(q,w)x(qw)"] VYw=0,..,- (4.18)

By substituting x (g, w) in (21), one gets R as follows
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R(q,w) = HW)E[s(q, w)s(qw)" [HW)T = HW)HW)"  (4.19)
By imposing the Tikhonov regularization techniques [76] to avoid the ill-posed
problem, where it is well-known that the regularization is effective way to avoid the
ill-conditioned matrix, the equation (4.19) becomes as follows
R(g,w) + cl = Hw)HW)T (4.20)
Where Iis an KxK identity matrix, and ¢ = m.(tr(R(q,w)) + Apax), it is
regularization parameter with m is a positive constant and A ,x 1S a maximum
eigenvalue of the estimation covariance matrix R(q, w). Note that the regularization
method here just adds energy constraint to boosting the covariance matrix to be a
well-conditioned matrix. Therefore, the R(q, w) + cl can be decomposed as
R(q,w) + cI = V(w)A(w)VT(w) (4.21)
where V(w) is a KxK matrix satisfying
Vw)VHE(w) = VE(w)V(w) = Ik (4.22)

And A(w) is an KxK diagonal matrix. So, from (22), the KxK matrix H(w) will be

H(w) = V(W)A(w)_%UH(W) (4.23)
where U(w) is a KxK full rank unitary matrix and UU" = Iy.
However, the whitening step obtained matrix V(w) so that the KxT whitened data
vector Z(q,w) has covariance of identity matrix, Ryz(q, w) = Ig, which can be

obtained as follows:

1
Z(q,w) = A"2VTx(q, w) (4.24)
Z(q,w) = UH(w)s(q,w) (4.25)
The estimated source signals can be recovered with a linear Zero-Forcing (ZF)

equalizer. Then the estimated KxT source vector
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y(q,w) = UW)Z(q,w) (4.26)
After the preprocessing step, the estimation of the source signals y(q, w) reduces to

determining the KxK unitary matrix U(w) (rotation matrix).

4.4.2 Step 2: Determining the rotation matrix (unitary matrix) U(w).

One way of finding the rotational matrix U(w) is by maximizing the normalized
fourth-order marginal cumulant (Kurtosis contrast) of the whitened data Z in (4.25).
To estimate U(w) in (4.26), this chapter exploits the statistical independence of
equalized source vector. More precisely, the unitary matrix U(w) will be estimated by
utilizing the independent property of estimated source vector at each frequency bin
(y(q,w) ) in the normalized fourth-order marginal cumulant of whitened data Z(q, w)

as follows:

E[ly(q,w)[*]-2E2[ly(q.w)I2]-|E[y(qw)?]|*
E2[|y(q,w)|?]

K(q,w) = (4.27)

Where E[-] represents the expectation operator. Based on the deflation approach to

ICA [97], one can extract the one of the estimated source signal as follows

Where (-)¥ represent the conjugate-transpose operator,u;(w) is the ith column

vector of the demixing matrix U(w) and y;(q,w) is ith source signal at each wth

frequency bin and qth frame time. According to [2], [3], the column vector u;(w) of the

demixing matrix U(w) can be estimated for all users due to the batch adaptation by a

gradient decent method as follows

ultt = ul — uAG} (4.29)

l

127



Where [ denotes the iteration index, u! is the ith column vector of the demixing
matrix U(w) at lth iteration and AGl-l is the gradient of the contrast measure that updates
the demixing vector uf in the demixing matrix U(w). Gradient function depends on the
cost function that ICA would maximize /minimizes in order to extract the source signal.
Herein, this chapter refers to use the ICA techniques based on the kurtosis criterion which
is given in (4.27) as follows:

W) = Elly@w)I*]-26%[ly(aw) 2] - |E[y(aw)?]|’
EZ[ly(qw)I?]

K(q, (4.30)

Owning the RobustICA’s search-method of the kurtosis criterion in (4.30) in
order to choose the optimal step size as follows:

Hopt = arg "|K(y(q, w) + uglq, w))| (4.31)

Where g is the gradient of Kurtosis contrast K(.). One can easily choose the
optimal step size W,pe based on one of the algebraic methods instead of using the exact
line search as in [8], [28] to avoid the intensive computation and other limitations as in
[11]. Therefore, it is easy to find the global optimum step size W,p, for the criteria that
can be expressed as polynomial function of p due to its roots, e.g. the criteria kurtosis
[11-16], the constant modulus [13], [82] and the constant power [2].

Therefore, RobustICA performs an optimal step-size of estimating ith source
signal, based on optimization, for /¢4 iteration, wth each frequency bin, and qth frame as
follows:

e Step 1) An initial value for the Wight vector u(w)
e Step 2) Compute the optimal step size polynomial coefficients; for

Kurtosis contrast, the optimal step size polynomial is given by
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p(u(w)) = Xi—parh" (4.32)

where the coefficients ay can be obtained at each iteration by the observed signal

block and the current values of w and g. Details can be found in [7], [11].

Step 3) Extract the optimal step size polynomial root pX. The root can be

obtained by using the Ferrari’s formula as in [134].

Step 4) Select the optimal step size polynomial root pX as follows
Hopt = arg "(K (y}(q, w) + g} (q,w)) | (433)
Step 5) Find the updated weighed vector
U= U= ope8) (4.34)
where g} is the ith gradient of Kurtosis contrast K(.) at Ith

iteration.

Step 6) Normalize and update the weight vector

1+1

wt = (435)

B ”ui

Where |[u]| is a norm of wu.

Step 7) Go back to step 2 until the convergence.

To prevent locking onto a previous extracted source, or when the old and new

vectors w are in the same direction, the learning converges and their absolute dot-product

value reaches close to 1. Thus, owning the deflation method proposed in [97], avoids

different vectors from converging at the same maxima. However, each vector of U =

{uy,u,, ..., u,} needs to be orthogonalized before each iteration. Based on the Gram-

Schmidt orthogonalization, the deflation scheme estimates each independent component
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at each iteration step. Gram-Schmidt orthogonalization of (i + 1)th component can be

expressed as follows

141 _ 1 K 1 T 1)1
Uity = Ujyg = Xj=q (ui+1 uj) u; (4.36)
1+1
uif; = o (4.37)
||ui+1||

where a new weight vector u;,, is obtained by subtracting the vector projected
from the old weight vector.
The following steps summarize the presented algorithm procedure:

> Start

» Perform the time-frequency representation as in (4.4).
» For each frequency bin w = 1, ,g

» Pre-processing of the observed data x(t,w) and imposing the Tikhonov
regularization parameter to avoid the ill-conditioning problem of the covariance
matrix and to mitigate the performance degradation.

a = m.tr(E[x(t, w)x"(t, w)]) (4.38)

where m is a positive constant and tr(-) represent the trace of estimation

covariance matrix of the observation signals.

» Initialize K x K matrix W equals identify matrixI. Where K is the number of
users.

» Foreachuserk =1,..,K

» Initialize wy, column vector of the demixing matrix W

» While

» Evaluate y(t,w) in (4.13)
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> Select the optimal step size polynomial root p* in (4.14)
» update weighed vector in (4.33)
» Do the orthogonalization and normalization in (4.36) and (4.37), respectively
» Find kth users in (4.10).
yi(q,w) =uf' (w) z(q,w) (4.39)
» Do deflation by subtracting the estimated kth source contribution to
the z(q,w) as follows [97]:

zip1(qw) = z;(q,w) — h xy;(q, w) (4.40)
Where h is the symbol direction estimated via least squares, is given by

_ zi(qw).yf (qw)
~ yilgw).yfaw) (4.41)

» Check the convergence point. if so, End while loop, otherwise, go back until the
convergence.

» Save uy in the U(w);

» End forloop k.

»  Save the demixing matrix U(w)

» Endw loop

4.5 Scaling and Permutation Ambiguities
Assume U(w) is the unitary matrix that computed at each bin, however, the least

square estimation of the mixing matrix H(w) is given by

His(w) = x(q,w)y' (g, w)(y(q, w)y'(q,w))* (4.42)

Where
y(g,w) = Uw)x(q,w) (4.43)
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However, one can express the estimated mixing matrix H;s(w) in term of the
perfect mixing matrix H(w) as follows

H s(w) = Hw)D*(w)I' 1 (w) (4.44)

Where D(w) is an unknown diagonal matrix and T'(w) is an unknown

permutation matrix. Therefore, we have to estimate D(w) and I'(w) matrices to solve the

scaling and permutation ambiguities.

4.5.1 Estimation the diagonal matrix D(w)

Several methods to compensate the scale ambiguity have been proposed in the
literature. Thus, we choose to estimate the diagonal matrix D(w) using the minimal
distortion principle [3], [38], [129]. The D(w) is given in [3] as

D(w) = diag[AH s(W)] (4.45)
D(w) = diag[Ax(q,w)y'(q,w)(¥(q,w)y'(q,w))"] (4.46)

Where A € R™*™ is a matrix which has all its entries arel/m; where m is the
number of observations whereas, n is the number of sources, and diag[C] returns a
matrix C that contains the diagonal elements of matrix C and sets the other non-diagonal
elements of matrix C zeros. The interpretation of (4.46), in a sense of perfect separation,
is that each estimated source averages along the sensors in the sense of all other sources
have turned off. In other words, the Minimal Distortion Principle assumes that the nth
source is scaled with respect to the image at the nth microphone [129]. Therefore, the
rescaled source signals can be expressed as follows:

yreseated(q, w) = Dw)x(q, w) (4.47)
yreseated(q,w) = diag[Ax(q, w)y'(q.w)(y(q, w)y'(a.w)*Ix(q,w)  (4.48)
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4.5.2 Estimation the permutation matrix I'(w)

In this subsection, despite the fact that it estimates the permutation matrix I'(w)
proposed in several current works in the literature, it is still considered a very challenging
problem that needs to be addressed. Assume that we have n sources signals which are
presented in BSS problem; then, there are n factorial times the possible permutations at
each bin, which yields a complex combinational problem.

Mentioned previously, there are several techniques used to solve the permutation
problem in the literature [3]. In this chapter, we will review and evaluate them in terms of
computational complexity and performance.

One can divide these methods into two main solution groups to solve the
permutation ambiguity in frequency domain as follows:

1. Group based on the geometric information such as Time Direction of Arrivals
(TDOA) and Direction of Arrivals (DOA) [3], [37], [38], [50].
2. Group based on the clustering-based techniques [64], [67], [69], [70].

Many of these techniques are based on the geometric information, such as
estimation of the direction of arrival (DOA) and Time difference of Arrival (TDOA) as in
[50]. Other techniques depend on the coherence of the un-mixing filter coefficients. In
other words, these techniques take advantage of some prior knowledge about mixing
filters and restrict the mixing matrix H(f) to be continuous in frequency domain [130].
Furthermore, in [62], Parra imposes smoothness to the de-mixing filter values in the
frequency domain.

Also, a restriction is made with the frequency domain update rule to be associated

with the limited length filter in the time domain. Such a restriction may not be considered
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sophisticated especially in a case of reverberant environment since it is necessary to have
a long length filter to cover all reverberations.

Although it can be avoided by choosing a large frame size, it still causes more
overall complexity, especially, when the short mixtures are available. In terms of the
properties of speech, there are other categories which have been proposed in literature, to
estimate the permutation matrix and make the spectral alignment.

The most common is based on the inter-frequency correlation of speech envelopes
[61], [65]. The inter-frequency correlation technique exploits the nature of speech
production, where it’s known that all spectral components of speech signal increase as the
talker speaks louder. In that sense, several weighted techniques and criteria have been
proposed to impose the frequency-coupling between the adjacent frequency bins, for
more details [60], [61], [65]. Although these techniques perform well in the simulations,
they are not sophisticated when they are applied to a real recoding room. They suffer
from the propagation error or delays. For example, if an error occurs at a certain
frequency bin it may increase the possibility to occur again at the following frequency
bins.

Therefore, in the literature [3], [38], they avoid propagation error by estimating a
frequency independent reference profile, which is called centroid, due to using a
clustering based method for each separated source, and then structuring the n frequency
dependent profiles such that they are all matched with a different frequency independent
reference profile at each frequency bin.

The main steps of the clustering-based techniques are as follows:
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1) Define the quantities that are used in the clustering, such as signal envelopes of
the source profiles and the log-power of the source profiles etc.

2) Choose the measure that is use to determine the matching level between the
centroids and the profiles such as correlation and distance etc.

3) Choose the cluster technique.

In [69], the profile W;(q, w) of a separated signal y; is chosen to be the envelope
of the separated source s; where W;(q,w) = |y;(q,w)|. In [70], they are chosen for the
profile W;(q, w) of a separated signal y; to be a certain dominance measure. Whereas, in
[67], the profile W;(q, w) of a separated signal y; is defined to be its centered log-power
spectral density where the log-power profile is given as follows:

¥;(q,w) = log[W;.(W)R,(q, W)W} (w)] (4.49)

In clustering based approaches, the length of the profiles Tr is also an important
parameter in terms of accuracy; especially for short signals. Practically, we are going to
set up the profiles for the overlapping frames over the whole signal. Once we get the
profiles of the separated signals, then, we compute the centroids in order to perform the
clustering.

The clustering based techniques is essentially based on the assumption that
profiles coming from the same source at different frequency bins still have more match
level than those coming from other sources.

Actually, the most common methods to associate each source profile to a centroid
at each frequency bin are based on; 1) maximize correlation measures [69], [70]; 2)
Minimize distance measures across the n factorial times of the possible permutations at

each frequency bin [67]. However, they employ the iterative techniques to update the
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centroids and the permutation matrices. In other words, they update the centroids first,
and then they permute the source profiles to each desired centroid and match them
together using one of the two previous measures, i.e. distance [67] or correlation in [69]
and [70]).

In spite of the fact that the aforementioned iterative methods perform well, they
tend to be significantly more expensive in terms of cost and computational complexity
since they have the n factorial times of the possible permutations at each frequency bin.

To avoid this drawback in the aforementioned iterative methods in [60], Nion
proposes a more efficient modification of the clustering strategy which is updated the
whole permutation matrices and centroids simultaneously. In other words, the update of
the centroids and permutation matrices are not interleaved. Thus, their modification has
improved these iterative methods in terms of computational complexity. Their methods
can be summarized as follows:

Step 1. Determine the centroids and Compute them as following:

Consider the n x Tf matrix F(w) that is structured from the n profiles ¥;(w),
V i =1, ..., n. Furthermore, one can extend the n x Tr matrix F (w) to the Fn x Tr matrix
G(w) by concatenating the matrices F(w)V w =1, ...,F. In order to enforce the Fn
profile points in matrix G(w) varying smoothly with time, we have to encounter the
computation of the profiles for overlapping frames. Hereafter, we just need to classify
these Fn profile points into an n clusters due to apply the k-mean algorithm on the
Fn x Tr matrix G(w) to carry out a frequency independent n x Ty centroid matrix M =
[mI, mI,...,mI]T. The centroid matrix is structured by summing all the points within a

cluster, which have attained a minimum distance regarding to the centroid cluster.
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Furthermore, the k-means algorithm also gives the list of indices that attains each
one of n clusters. Thus, our simulation shows that almost about F points are assigned to
each cluster, which implies that the aforementioned property of the speech is valid.
Therefore, we only need to exploit the frequency independent n x Ty centroid matrix M to

do the computation processes and mitigate the computational complexity.

Step 2. Estimating the permutation matrices

In previous step, we reduced the computational processes to finding the n x n
permutation matrix I'(w) subject to G(w)I'(w) match the frequency independent n x T

centroid matrix M at each frequency bin. Therefore, one can choose to minimize the
distance that is given in [67] as follows
minpuy [|M = GWTW)IF vw=1,2,..F (4.50)
Or choosing the correlation criteria that is given by [69], [70] as follows
maxrayy Lieg P(mg, [GW)TW)].,; ) Vw =1,2,..F 4.51)

Where ®(- ) is the correlation coefficient.

In terms of performance, the first group generally does well and better than the
second group, especially at the small data sample available. But it is not optimal in
practical sense, since we don’t usually have geometric information about the real
environment conditions. In that sense, the second group performed better than first group
especially if we have a large sample set of data, because they are based on the clustering-
based techniques i.e.: correlation, distance, etc. and they are more robust to the real world

scenarios. For more details, refers to [3] [38].
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4.6 Experiments Results

In this section, we examine the performance of the RobustICA-based algorithm
developed in this chapter. The time-frequency representation of the observed data is
computed as explained in section due to the Short-Time-Fourier-Transform. Then, for
each frequency bin, we find the demixing matrix as we will present in this section. Then,
we will solve the scale and permutation ambiguities based on the aforementioned
techniques.

However, we divided this section into two subsections. Firstly, we illustrate the
performance of the RobustICA-based algorithm with different permutation methods in
the literature [3], [38]. Also, we study the effect of the type of the windows on the

performance of the presented algorithm as well as the effect of overlapping parameter.
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Figure 4.1: configuration of the two experimental setups that were conducted by
Francesco Nestal in [130], a) room is characterized for Testl, b) class-room is
characterized for Test2

Secondly, we provide the performance of the presented algorithm in two real-

world scenarios that are generated in adverse conditions by, in [130], and compare it with
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others state-of-the-arts in the [130], [36], and [62] and [67], labeled as “RR-ICA”, “IVA”,
“Parra”, “Pham”, respectively. In this chapter, we evaluate the performance of the
presented algorithm due to the BSS EVAL toolbox, which is proposed in [126], [127].
We use time-invariant filters of 1024 taps to represent the signal to interference ratio

(SIR) and source to distortion ratio (SDR).

4.6.1 Section 1

In this subsection, we study the computational complexity and the performance of
the presented algorithm based on several following criteria to solve the scale and
permutation ambiguities in the frequency domain BSS problem. Let’s define these
criteria as following:

Methodl is the RobustlCA-based algorithm with clustering of envelope profiles
with a distance measure iterative procedure [§].

Method?2 is the RobustICA-based algorithm with clustering of log-power -profiles
with a correlation measure iterative procedure [21].

Method3 is the RobustlCA-based algorithm with clustering of envelope profiles
with a distance measure kmeans procedure [8], [60].

Method4 is the RobustlCA-based algorithm with clustering of log-power profiles
with a correlation measure kmeans procedure [21], [60].

Method5 is the RobustICA-based algorithm with clustering of dominance-profiles
with a correlation measure iterative procedure [22].

Methodb is the RobustICA-based algorithm with clustering of dominance-profiles

with a correlation measure iterative kmeans procedure [22], [60)].

139



18
16
14 H method 1
12 H method 2
10 B method 3
8 B method 4
° B method 5
4 B method 6
2
0
0.5s 1s 2s 4s 9s

Figure 4.2: Results obtained in Testl experiments. The SIR performance of
the presented algorithm with various permutation solvers
In this section, we have used real world recordings, resulting from the
experiments were conducted in [130] named: Testl. We would like to thank the authors
who provided these recordings on their website “http://bssnesta.webatu.com/testhscma.html”.
The two sources were recorded at f; = 16 kHz with two microphones spaced by
d = 0.02 m apart to avoid the spatial aliasing. The chosen room was characterized by a
moderate reverberant time of 160 ms. The room had dimensions of (3.5m x 5.1m x 2.6m)

as shown in Figure 4.1. The signal duration was fixed to be 9 sec.

140



14

B method 1

B method 2

B method 3
H method 4
B method 5

M method 6

0.5s 1s 2s 4s 9s

Figure 4.3: Results obtained in Test1 experiments. The SDR performance
of the presented algorithm with various permutation solvers
In Figure 4.2 and Figure 4.3, we show the performance of RobustICA-based
algorithm with various aforementioned techniques of permutation solvers in terms of the
SIR and SDR, respectively. In comparison, we notice that the dominance-profiles
provide more robustness in terms of the signal’s length, although the envelope profiles
are more sensitive to the signal’s length than the log-power profiles. Moreover, the
dominance-profiles approach with the iterative procedure has the same performance as
with the kmean procedure. Also, Figure 4.4 shows the corresponding CPU time of each

permutation method that need to solve the permutation ambiguity.
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Figure 4.4: Corresponding CPU time for each method.

Based on these observations, we will use the dominance-profiles approach with
the iterative procedure after the RobustICA-based algorithm in the rest of these
experiments. In Figure 4.5, we illustrate the impact of the window’s types on the
performance of the proposed algorithm in terms of SIR and SDR respectively. And, we
test the performance of the presented algorithm versus the overlapping parameter as it
shown in Figure 4.6.The best performance of the presented algorithm was achieved
during the certain range of the overlapping percentage. Therefore, based on these results,

we use the overlapping parameters to be 0.65 with Hamming window type.
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Figure 4.5: Figure 4.5: Results obtained in Test2 experiments. The SIR performance
of the presented algorithm with various window types
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Figure 4.6: Results obtained in Test2 experiments. The SIR performance of the

presented algorithm with various overlap ratios
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4.6.2 Section 2

In this section, we perform the separation of the two mixture observations what
consists of two sources. We have used the two tests “Testl and Test2” of the real world
recordings, resulting from the experiments were conducted in [130], see fig.23. Test2
uses the real world recordings of adverse reverberant conditions as in fig 23. The room
is a reverberant class-room with dimensions 4.75 m Length x 5.92 m Width x 4.5 m
Height. The reverberation time is around 700 mile second Ty = 700ms. The
performance is also averaged over ten random pairs of sources. The signal duration was
fixed to be 9 sec. After we got the demixing matrix W for each frequency bins, we used
the Inverse Fourier Transform to obtain the mixing matrix in the time domain.

» The independent vector analysis IVA [17] used with step size 0.1 and
number of iterations is 1000.

» Parra’s method [38], used with number of iterations is 1000.

» Pham’s algorithm [12] and [20]. Used with FFT overlapping equals 75%
and a window size equal to 5.

» RR-ICA algorithm reported in [130].

Figures 4.7 & 4.8 and 4.9 & 4.10, shows the summary analysis of the presented
algorithm versus other algorithms presented in [130] for Testl and Test2 configurations,
respectively. These graphs are reported the best performance of each algorithm over the
FFT size. Obviously, the RobustlICA-based algorithm are outperforms the others
algorithms for any signal length in terms of SIR and SDR.

Moreover, in Figure 4.11, we illustrate the impact of the FFT length on the

performance of the proposed algorithm in terms of SIR. Clearly, the presented algorithm
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performs well especially during reasonable FFT length in regards to other corresponding
algorithms as it shown in Figure 4.11.

Based on these results, one can show that the presented algorithm is stable in
terms of the high reverberation environment and variations of the observations’
parameters. Furthermore, the presented algorithm performs well in terms of stability and
speed convergence. Owning the optimal step size, deflation and regularization techniques
make the presented algorithm more robust and perform well even though in the adverse
conditions. Therefore, the presented algorithm performs well for solving the convloutive

BSS problem of the real-world recordings in adverse conditions.
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Figure 4.7: Results obtained in the Testl experiments [130]. Best performance
is reported in terms of SIR, by applying the given algorithms
with different signal lengths
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Figure 4.8: Results obtained in the Test1 experiments [130].
Best performance is reported in terms of SDR,
by applying the given algorithms with different signal lengths
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Figure 4.9: Results obtained in the Test2 experiments [130].
Best performance is reported in terms of SIR, by applying the given
algorithms with different signal lengths
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Figure 4.10: Results obtained in the Test2 experiments [130].
Best performance is reported in terms of SDR, by applying the given
algorithms with different signal lengths
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Figure 4.11: Impact of FFT length, 2-by-2 case, Results obtained in the
Test2 experiments [130].
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4.7  Conclusion

This chapter presented the RobustICA-based algorithm to solve the frequency-
domain BSS problem for convolutive acoustic mixtures in several adverse conditions.
Through the real-world experiments, we show the superiority of the presented algorithm
among other popular algorithms in the literature in terms of the performance and
complexity computation. Moreover, we compared several permutation solvers in terms of
computation complexity and performance to provide the RobustICA-based algorithm
with an efficient frequency-dependent permutation scheme. Finally, we studied the effect
of several parameters on the separation performance of the presented algorithm. We also
presented the effect of the type of the window on the separation performance and we also
showed that the performance improves at a certain range of overlapping between the
signals. Lastly, in this chapter, we showed the performance of a system that can work
efficiently with around 0.5-10 seconds of input data, which is close to the real-time
implementation. Accordingly, our proposed algorithm is optimized to be suitable for the
real-time operation. As a result, it is suitable for a large number of applications to ensure

the real-time implementation.

148



S Chapter 5

Robust Blind Multiuser Detection Algorithm
Using Fourth Order Cumulant Matrices

A new blind detection algorithm, based on fourth order cumulant matrices, is
presented and applied to the multi-user symbol estimation problem in Direct Sequence
Code Division Multiple Access (DS-CDMA) systems. The blind detection is to estimate
multiple symbol sequences in the downlink of a DS-CDMA communication system using
only the received wireless data and without any knowledge of the user spreading codes.
The proposed algorithm takes advantage of higher cumulant matrix properties to reduce
the computational load and enhance performance. Bit error rate (BER) simulations of this
algorithm are shown for different number of users, signal to noise ratios (SNR) and
different number of symbols per user in comparison with the FAST ICA and Robust ICA
algorithms. The results show that the proposed algorithm outperforms both ICA-based
detectors in estimating the symbol signals from the received mixed signals. Moreover, the
proposed blind detector is computationally fast and exhibits high convergence speed in

extracting user symbols.

5.1 Introduction

Communication systems performance hinges on speedy and reliable data/symbol
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transfer among users. In that context, data reaches each user with as few errors as
possible. Code Division Multiple Access (CDMA) family of systems continue to be the
most deployed and popular multiple access scheme. This is mainly due to its soft multiple
access characteristics, robustness against fading and its anti-interference capability. In
schemes accepting non-orthogonal multiple-access designs, like direct sequence code
division multiple-access (DS-CDMA), multiple-access interference (MAI) is the limiting
feature of the scheme’s capacity. To alleviate MAI, a variety of multi-user
detectors/receivers have been proposed; whereas, most of them need either the data of the
preferred user’s dispersion sequence or a preparation (pilot) sequence. When neither is
easily possible, due to computational delays or time constraints, the challenge of
extracting the broadcast information generally belongs to the domain of blind source
separation (BSS) [74-80].

The conventional or single-user detection (SUD) methods consider MAI as
external noise. In an alternative approach, the structure of MAI is modeled as in the work
on optimum multi user detection [76]. However, it has been shown that these detectors
either need a complete knowledge of the MAI and training data, or involve a long
decoding delay [74]. To overcome these limitations, classes of efficient blind detectors
are proposed in the literature. However, the blind detection techniques in the wireless
communication literature, e.g., in [75] utilize primarily the Second Order Statistics (SOS)
and some Higher Order Statistics (HOS) of the received data. Independent Component
Analysis (ICA) is a statistical technique that includes HOS, where the goal is to represent
a set of random variables as a linear transformation of statistically independent

components [78]. ICA based techniques are based on the assumption of non-Gaussianity
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and independence of the sources. For example, the Fast ICA algorithm is applied for the
detection of symbols in DS-CDMA systems in [77], while its convergence is not ensured.
RAKE-ICA is also proposed in [75]. Recently, blind multiuser detection based on
Tikhonov regularization has been proposed in [76], which requires the prior knowledge
of the signature sequence and timing of the desired user.

ICA based algorithms have been the most active in solving BSS problems during
the last decade [1] — [2]. There are numerous targeted applications in speech, image and
biomedical signal processing. Several approaches have been established for constructing
the ICA algorithms [9— 20], and one such an approach is based on information theory.
The Information Maximum (InfoMax) algorithm proposed in [18], e.g., is derived from
HOS. It extracts the source signals from the mixed signals; however, it involves high
computational complexity. To reduce this complexity, the Fast ICA algorithm, based on
an approximation of Negentropy and Newton iteration, has been subsequently developed.

A comparative study of ICA-based algorithms for the DS-CDMA detection
problem [75], [88] shows that the Fast ICA algorithm performs comparatively well in
extracting the unknown symbols. Whilst, it also involves high computational complexity
and exhibits slow convergence.

Recently, Zarzoso et al [11] have proposed an ICA-based algorithm with a new
contrast function that can avoid permutation ambiguity and has quantitatively better
separation quality than the so-called conventional ICA algorithm (C-ICA). Furthermore,
Zarzoso and Comon [1] have introduced a search line into the iterative maximizing
Kurtosis contrast function to render the Fast ICA more Robust and to increase its

computational efficiency. By using an algebraic optimal step size, they have shown that
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the extraction quality would be better than the Fast ICA algorithm. Therefore, the Robust
ICA algorithm has efficient extraction primarily for smaller number of components
(sources). Moreover, there exist some non-linear ICA-based algorithms that are used to
separate dependent source signals [89] and can extract only one signal [90].

This chapter presents a Blind DS-CDMA detection technique based on fourth
order cumulant matrices [21], [34]. This technique is very effective in multi-user CDMA
environments where no prior information of the user’s code is required to be known at
the receiver. This approach is considered blind because the spreading codes of all the
users, the characteristics of the environment, as well as the transmitted symbols are
assumed unknown. The simulation scenarios are carried out to observe variations in the
bit error-rate as a function of (i) signal to noise ratio, (ii)) number of users and/or (iii)
number of symbols per user. Furthermore, the performance of the proposed algorithm is
quantified and a comparison is made among the three ICA-based algorithms in terms of
their performance and computational complexity. The remainder of the chapter is
organized as follows. In Section II, a brief description of DS-CDMA signal model and
multi-path fading is presented. In Section III, Robust and Fast Independent Component
Analysis (ICA) and their signal model are discussed briefly. Section IV proposes the new
detector based on the fourth order cumulant matrices. The comparative simulation results

and conclusions are given in Sections V and VI, respectively.

5.2 DS-CMDA Signal Model
In a typical downlink (Synchronous) CDMA system, the CDMA employed in
Evolved High-Speed Packet Access (HSPA+), in 4G systems, to keep the transmitted

bandwidth constant regardless of the bit-rate through solving the non-symmetric user-
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bandwidth problem. The synchronous DS-CDMA system has been used in Satellite
systems, indoor ATM, and in certain ad hoc wireless network because of its attractive
features (namely, anti-interference capability and robustness against fading). DS-CDMA
systems allow several users to share the medium simultaneously by using their own
signatures (spreading codes). The synchronous DS-CDMA system assigns shorter
spreading codes to higher-rate users and longer spreading codes to lower-rate users, while
keeping the chip rate constant. A typical DS-CDMA system model is given, e.g., in [75].
The simplest received signal model r(t) is
r(t) = XM YK Yito Ambk mSk(t — mT, — diTe) + n(t) (5.1)
where
e |k, m are path, user and symbol indices, respectively.
® oy is the path gain since, in a downlink model, the path gain is the same
because all users’ coded signals are transmitted together and the path gain
oy, and propagation delay factor d; depend only on the signal paths.
e by, is the kth user m symbol.
e si(.) is the kth user spreading code
e d, is the propagation delay factor, dy; € {0, 1, ..., %} (assumed to be of
duration of at most half the sequence C).
e T, T. are time, symbol, and chip duration, respectively.
e n(t) is an additive white Gaussian noise (AWGN).

The received signal is assumed to be properly sampled and synchronized discrete

data. However, let us assume that G is the number of code sequence, K is the number of
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users, and L is the number of channels. Thus, the vector form of the equation (1) will
change to be as:
r=ASb+n (5.2)
Where 1 is the received vector signal, A is an (G+ L — 1) x G matrix which
represents the multipath propagation coefficients, S is an G x K block diagonal matrix, b
is an K — d vector which represent the data symbols, n is the (G+ L — 1) — d channel
noise vector with covariance matrix Q. This model received signals (5.2) is suitable for
deriving the linear symbols detectors such as the MF, the RAKE, the LMMSE and the

blind Detectors based on FastICA and Robust ICA algorithms.

5.3 Robust and Fast Independent Component Analysis (ICA)
A simple Blind Source Separation (BSS) model with n Source Signals and n
observations is defined as follows:
Let the sources form the vector
S = [s1,52, -, Sp]" (5.3)
Let the observations form the vector
X = [X1,X2, e, Xp] T (5.4)
The (static) linear BSS model is
X=AS+N (5.5)
where A is an n X n (invertible) mixing matrix, and the vector N is an Additive
Gaussian Noise. The ICA algorithm assumes that no more than one source signal has
Gaussian distribution.
The main idea of ICA is to recover the source signals from the observed signals

without a priori knowledge of the vector source signal or the mixing matrix. To achieve
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this, an ICA-based algorithm iteratively computes a weighting matrix W that
incrementally approximates the inverse of the mixing matrix A. The estimated source
signal Y is thus given as follows:
Y = WX (5.6)
where
W=[wg], 1<jk<n (5.7)
As it is a linear transformation, we can choose to estimate one of the independent
components in the form of wX, where w is a row vector of the matrix W in (5.7). The
estimation can be achieved by maximizing the “non-Gaussianity” of wX.
Generally Speaking, It can be said that the Fast ICA algorithm entails two steps:
one is the preprocessing step and the other is finding the rotating matrix W that

maximizes the non-Gaussianity of Y = WX.

5.3.1 The Preprocessing

This involves two computations. The first aims at centering the mixed matrix
signal X by removing its mean as follows:
X =X—-E[X] (5.8)
where X represents the zero-mean mixed signal of X, and E[.] is (an estimate of)
the expected value operator. The second whitens the mixed signals to have a unitary
variance after centering the mixed signal. To that end, we compute The Singular-Value
Decomposition (SVD) [29] is applied to the covariance matrix of X to obtain

C, = E[XXT] = EDET (5.9)
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where E represents the eigenvectors which are orthogonal matrices of mixed
signals, and D is a diagonal of the Eigenvalues Cy, expressed as:
D = diag(d,, d,, ..., dp) (5.10)

Thus, the whitening operation of X is expressed as
1 — —
Z = (DzETH)X = VX (5.11)

1 —

where V equals D"2ET and represents the pre-multiplying whitening matrix of X.
Equation (11) shows that the centered matrix X is linearly transformed to the matrix Z.
Observe now that the covariance matrix of Z equals the identity matrix (Ix) [2]. In other

words, the componenets of the vector Z are uncorrelated.

5.3.2 The FastICA Algorithm

The batch algorithm FastICA [25], [26] is derived by maximizing the non-
Gaussianity of a measure based on the fixed point iteration. The Center-Limit-Theorem
(CLT) [2] infers that (a large) sum of independent sources will become closer to a
Gaussian distribution. The CLT shows that, for whitened data, finding an independent
source is achieved by finding the direction vector w which gives a component its
“maximum non-gaussianity.” (Further discussions are in section II-A.) Moreover, if just
one of the independent components (ICs) is Gaussian, the ICA algorithm can still work
and estimate the ICs. The authors in [25, 26] use the Fast ICA, which is a fixed point
iteration scheme, for finding the maximum of the non-gaussianity. The basic Fast ICA
scheme for one independent component is outlined as follows:

e Choose an initial value for the weight vector w

¢ Find the updated weight vector
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w*t = E{Z[g(WZ)]"} - E{g'(WZ)}w
(5.12)
e where g is a non-quadratic function such as g(y) =y, y = wZ and g’ is the
derivative of the non-quadratic function g.

e Normalize and update the weight vector, i.e.,

+ W'

W = ——
lw* |l

(5.13)

where ||. || is the norm operator.
e (o back to step 2 until the convergence.

When the old and new vectors w are in the same direction, the update converges
and their absolute dot-product value reaches close to 1. In the same context, the deflation
method proposed in [1], [25] avoids different vectors from converging to the same value.
It enforces each vector of W = {w;, w,, ..., w, } to be orthogonalized based on the Gram-
Schmidt orthogonalization. The deflation scheme estimates each independent component
at each iteration step. The Gram-Schmidt orthogonalization of the (k + 1)th component

can be expressed as follows

Wli+1 = Wg41 — Z}(=1(WE+1W1') Wj (5.14)
Wipy = er (5.15)
[Wisal

where a new weight vector wy,; is obtained by subtracting the vector projected

from the old weight vectors.
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5.3.3 The Robust ICA algorithm

Recently, Zarzoso and Comon [1] improved the robustness of the Fast ICA
algorithm by wusing a line search direction to choose the optimal step size
Hopt = arg "i¥|K(y + ug)| where g is the gradient of the kurtosis contrast function K(.).
At each iteration, the Robust ICA algorithm performs an optimal step-size as follows
[11]:

v Choose an initial value for the weight vector w
v' Compute the optimal step size polynomial coefficients; for the kurtosis
contrast function, the optimal step size polynomial is given by
p(w) = Xi=o ark” (5.16)
v’ where the coefficients a; can be obtained at each iteration from the
observed signal block and the current value of w and g. Details can be
found in [7].
v' Compute the optimal step size polynomial roots *. The roots can be
obtained by using the Ferrari’s formula [36].
v' Select the optimal step size polynomial root u* as follows:
Hope = arg " |K(y + ug)| (5.17)
v' Find the updated weight vector.
W =W+ Uoped (5.18)
where g is the gradient of the kurtosis contrast function K (.).

v Normalize and update the weight vector

+_ v

lw=l

w (5.19)
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where ||. || is a norm operator.

5.4 The Proposed Detection Algorithm Based On Cumulant Matrices
In this section, a new blind detection strategy is proposed, based on the cumulant
matrices that uses the algorithms JADE, SHIBBS and JAD [2] [16], [17], and [19]. Here,
one needs to first recall the received matrix form (5.2),
r=ASb+n
The aim here is to detect the b symbol vector from the received data r under the
following assumptions:
e ASI) the G x K matrix, H: = RA, is of full column rank.
e AS2) the symbol signals, b, are non-Gaussian, independent and identically
distributed (i.i.d)
e AS3) the Additive Noise vector is white and independent of source signals
e AS4) the power of the transmitted symbol signals, normalized to be unity.
e AS5) in this chapter, all signals are real and the number of users K is given.

The Method involves two steps:

5.4.1 Step1: Preprocessing (Data Whitening)

This is a common preprocessing step. As a consequence, the symbol signals are
detected up to a unitary matrix using second order statistics (SOS). This step is used to
reduce the noise and to eliminate correlations among the data components. Under the
Assumptions AS1, AS2, AS3 and AS4, the G x G covariance matrix (R) of the noiseless

transmitted signals can be expressed by
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R = E[rr"] — oIk (5.20)
By substituting X from (5.2) into (5.20), one gets
R = HE[bbT] HT = HH" (5.21)
Under AS1, R can be decomposed as
R = VAVT (5.22)
where V is a G x G matrix of eigenvectors satisfying
Wt =vTv =1, (5.23)
and A is a G x G diagonal matrix containing real (eigenvalues) entries. Thus, the

G x K matrix H can be expressed in its singular value decomposition (SVD) as [29]

1
H=VAzUT (5.24)
where U is a KxK full rank unitary matrix and UUT = I.
The whitening step obtained the matrix V so that the Kx1 whitened data vector Z

has covariance equals to the identity matrix, Rzz; = Ik . Specifically,
1
Z=A2VTr (5.25)
1
Z=UTb+ A"2VTn (5.26)
Thus, the transmitted symbols can be recovered with a linear Zero-Forcing (ZF)

equalizer. Consequently, the estimated Kx1 symbols
b =0z (5.27)

After the preprocessing step, the detection of the symbol signal b reduces to

determining the KxK unitary matrix U (a rotation matrix).
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5.4.2 Step 2: Determining the rotation matrix (unitary matrix) U.

One way of finding the rotation matrix U is based on the fourth order cumulant
matrices. To estimate U in (27), we exploit the statistical independence of the equalized
symbols vector. More precisely, the unitary matrix U will be estimated by using the
independent property of symbols in the fourth order cumulant matrices (say, Q), so that it
has many of the cumulant elements equal to zero [18]. The well-known Joint
Approximation Diagonalization of Eigen Matrices algorithm [18] is efficient and robust
when separating a small number of sources. JADE uses both second order decorrelation
(whitening process) and fourth order cumulant matrices (rotation process) to separate the
source signals from the mixed signals. Hyvarinen et al [18], [19], show that JADE is not
efficient when the sources are numerous, because the size of the 4th order cumulant sets
increases with the 4th power of the number of sources. This requires a large memory in
addition to incurring a high cost for Eigen matrix calculation. From [21, 34], however,
one can get a good sense of the JADE algorithm by using only a portion of the fourth
order cumulant matrices-- up to the number of users (K), and thus avoiding the Eigen
matrix calculation. The Fourth order cumulant matrices of the independent zero-mean
symbols bforl < i,jk 1<K, are

Qg = cum(b;, by, by, by)
Qs = E[5:5,5,5:] — E[B;5,]E[ib1] — E[B;5:|E[5;51]
—E[b;by]E[b;by] (28).

Because of AS3, the symbols of vector b are assumed to have unitary variance.

Thus, the 4th order cumulant matrices become:
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Qp = cum(b;, bj, by, by) = E[bibjbiby] — 8810 — 8uc8ji — i (29).
where §j; is the Kronecker delta, and equals 1V i=j ; otherwise zero. Because
of the independent property of the symbols b, many of the cumulant elements are zero.
However, one can rewrite the fourth order cumulant set Q for symbols b (28) and for the
whitened vector Z (27) as follows, respectively:

A A~ -~

Qp = cum(bi, b;, by, Bl)

#0 vVi=j=k=1 s
o= < <
Qs {= 0 Otherwsie } visijkl<sK (3-30).
Qg =cum(Z;, Z, Z, Z)) #0 V 1<ijkl1<K (5.31)

Owing to this difference between (31) and (32), the symbols could be detected
from the received signals. Here, the objective function, which was proposed in [21], is
used to determine the unitary matrix U and then to estimate the symbols vector b (27),
specifically,

C(U,b) = T o, cum?(b;, b, by, b)) V1 <i=jk=1<K
U: trace(U))

subject to min (1 —

(5.32)

Note that the iteration stop criterion of the proposed algorithm ends the iteration

when the unitary matrix U tends to be almost the identity matrix I. So, we can express it

mathematically by:

trace(U)

(1 ) <€ (5.33)

where € is a threshold value, e.g., € = e™3.

The following are the bulleted steps of the proposed algorithm, based on the

Fourth order cumulant matrices:
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e Pre-processing

e Zero mean of received signal

e Compute the covariance Matrix R

e Compute the whiten vector Z

e Repeat

e Calculate Cumulant Matrices Qg (5.32)

e (all Joint Diagonlization U in (33)

trace(U)

e Continue until min (1 — ) < e where € is the threshold.

e FEnd

5.5 Simulation Results

5.5.1 Performance

The simulated DS-CDMA downlink data, in the presence of AWGN, is used to
verify the effectiveness of the proposed algorithm and to compare it to the detectors
based on the Fast ICA and Robust ICA algorithms. We used spreading codes as short
gold codes with length of chips to be NC=31. The maximum number of users is K =30.
We assumed all signals for all users to be sent with the same power. Monte Carlo
Simulations are executed to verify the validity and the effectiveness of the proposed
algorithm in comparison to the two detectors. Fig. 34 shows the simulation results of
BER vs. SNR of the presented detectors. The parameters are set as: Number of symbols
M=3500, Number of users K=30, Number of paths L=1, with various values of SNR

from -10 dB to 5dB. Figure 5.1 demonstrates that the proposed algorithm, based on the
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fourth order cumulant matrices (SJAD), improves the performance of the CDMA system,
producing the lowest BER consistently in comparison. It is also observed that the
performance of the FastICA-detector and RobustICA-detector is almost identical.

Figure 5.2 shows the simulation results of BER vs. SNR with various numbers
of symbols (M) with 30 users (K=30). It is obvious that the performance of the proposed
algorithm performs more consistently as M increases and is better than that of the
RobustICA Detector. Furthermore, Figure 5.2.c shows that the RobustICA detector, in
contrast to the proposed method, performs poorly as M decreases. Figure 5.3 shows the
simulation results of BER vs. SNR with medium number of symbols, M= 3500, various
K users. It is obvious that the proposed method performs more consistently and exhibits
improvement in the performance as K decreases. The algorithm also mitigates the MAI,
and has better performance than the other Detectors as shown in Figure. 5.3. Also, the
FastICA detector performs well as K decreases in Figure. 5.3.b to the contrary of the
RobustICA detector in Figure 5.3.c. As a result, the proposed detector performs well in

estimating and recovering symbols in DS-CDMA system.
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Figure 5.1: Average BER as a function of SNR for 30 users and 100 runs.
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Figure 2.c Detector based RICA algorithm

Figure 5.2: Average BER as a function of SNR for different sample lengths
T with 30 users and 100 runs. Black triangle right lines: M = 104.
Black circle lines: T = 9000. Black hexagram lines: T = 8000.
Black square lines: T = 7000. Red triangle up lines: M = 6000.
Blue circle lines: T=5000. Blue hexagram lines: T=4000.

Blue square lines: T=3000. Blue triangle right lines: T=2000.
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Figure 3.a Detector based sjad algorithm
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Figure 3.c Detector based RICA algorithm

Figure 5.3: Average BER as a function of SNR for different Users K
with signal blocks composed of T = 3500 samples and 100 runs.
Black triangle right lines: K = 10. Black circle lines: K = 20.

Red triangle up lines: K = 30. Blue square lines: K=40.

Blue hexagram lines: K=50.
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5.5.2 Measure of Computation

A measure of Complexity in Computation for the algorithm, in terms of iterations,
is widely used. This kind of measure is not justifiable in the sense that an algorithm may
require only a few iterations to converge, but each iteration may involve heavy
computation. Also, such a measure does not take into account the fact that computation
time depends on actual algorithmic implementation. However, for this work, the measure
followed here is based on the number of real-valued floating point operations (flops) that
are required to reach a solution for an algorithm. Flop count details can be found in [7],
[11]. As a natural measure of extraction quality, the average signal of mean square error

SMSE was employed as a contrast function of independent criteria and is defined as

follows:
SMSE = - i SMSEy 1 (5.34)
where
SMSEy; = E[lsk — a3|?]
and with
o Elsidi]
E[1511%]

However, to study the performance of the proposed detector and to compare the
three detectors in terms of computational complexity, the SMSE performance index in
(5.34) is used and averaged over 1000 independent realizations of the received data. The
extracted symbols are computed directly from the observed received data. Fig. 39
summarizes the performance and complexity variations obtained for T= 3500, with

different values of the users K. As can be seen in Figures 5.4 and 5.5, the best and faster
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performance is provided by the proposed algorithm based on fourth order cumulant

Moreover, the FastICA algorithm

matrices, especially, when K is relatively small.

performs well as the proposed algorithm when K increases. In contrast, the RobustICA

detector performs poorly when K increases. In the same context, the performance of the

algorithms for a varying block of sample size T is evaluated.

Separation quality-cost trade-off, real case, noiseless mixtures, T

complexity per source per sample (flops)

Figure 5.4: Average extraction quality as a function of computational

cost for different mixture sizes K with signal blocks composed of

T

3500 samples and 1000 mixture realizations. Solid lines: K

= 20.

Dashed lines: K = 10. Dotted lines: K
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Average extraction quality as a function of computational

cost for different mixture sizes K with signal blocks composed of

3500 samples and 1000 mixture realizations. Solid lines: K
Dashed lines: K

Figure 5.6 shows the average SMSE curves for different numbers of symbols K

Figure 5.5

T
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considerably more efficient than the other two detectors. Overall, the best performance is
provided by the proposed detector which achieves the given performance level with

with different T samples. From this figure, one can see that the proposed detector is

lower cost.



Separation quality-cost trade-off, real case, noiseless mixtures, T = 1000 samples
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1000 mixture realizations. Solid lines: K = 20. Dashed lines: K = 30.

Dotted lines: K = 40.
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5.6 Conclusion

In this chapter, we have investigated three adaptive algorithms for user-detection
in CDMA systems, the proposed one based on fourth order cumulant matrices, the Fast
ICA and the Robust ICA algorithms. The results show that the proposed algorithm
exhibits better performance relative to the other two user detectors. The results also show
that the proposed algorithm can mitigate Multiple Access Interference (MAI), thus
improving the performance of conventional detection. Furthermore, the performance of
the proposed detector displays the most consistent improvement as M (the number of
symbols) increases. Also, we assess the performance of computational complexity of the
three user detection algorithms employing the average signal of mean square error
SMSE, as a contrast function of independent criteria. The results show that the proposed

detector provides a faster and more robust performance.
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6 Chapter 6

Adaptive Blind Multiuser Detection DS-CDMA
Based on State Space Approach

Code Division Multiple Access (CDMA) is a channel access method used by
various radio technologies and it is based on spread-spectrum technology. In general,
CDMA is used as an access method in many mobile standards such as CDMA2000, and
WCDMA. We address the problem of blind multiuser equalization in the wideband
CDMA system, in the noisy multipath propagation environment. Herein, we propose
three new blind receiver schemes, which are based on the state space structures. This so-
called blind state-space receivers (BSSR) does not require knowledge of the propagation
parameters or spreading code sequences of the users but relies on the statistical
independence assumption between the source signals. Also, we develop and derive three
update-laws in order to enhance the performance of the blind detector. Additionally, we
upgrade three semi-blind adaptive detectors based on the corporation between the RAKE
receiver and the stochastic gradient algorithms which are used in several blind adaptive
signal processing algorithms, namely FastICA, RobustICA, and principle component
analysis PCA. Bit error rate (BER) simulations of these methods are shown for different
number of users, signal to noise ratio (SNR) and different number of symbols per user in

comparison with the Blind Multiuser Detectors (BMUD), Linear Minimum mean squared
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error (LMMSE) and other conventional detectors. The results show that the proposed
algorithm outperforms the other detectors in estimating the symbol signals from the
mixed CDMA received signals. Moreover, the new blind detectors mitigate the multi

access interference (MAI) in CDMA.

6.1 Introduction

Code Division Multiple Access (CDMA) is a channel access method used by
various radio technologies and it is based on spread-spectrum technology such as in third-
generation (3G) cellular telephony, terrestrial and satellite communications systems, and
indoor wireless networks [1-2], [9]. Although, LTE (4G) is in operation in many cellular
companies inside and outside the U.S., the networks are still not fully built out, and LTE
coverage is still not universal. Thus, the most of the older 2G and 3G systems are still in
charge or at least working in parallel with the 4G as in U.S. companies, AT&T and T-
Mobile use GSM/WCDMA/HSPA while Verizon, Sprint, and MetroPCS use
cdma2000/EV-DO. Moreover, The LTE wireless interface is incompatible with 2G and
3G networks, so that it must be operated on a separate wireless spectrum. Nevertheless,
3G is intended to be replaced by 4G technologies sooner or later, but it is going to take a
long time before the LTE coverage is developed to be fully operated and universal,
especially in some countries worldwide, such as India, Iraq ... etc. [141-142].

As any radio communication systems, CDMA systems consider as interference
limited and it suffers from deferent types of interference, namely an internal multiple
access interference (MAI) due to the non-ideal cross-correlations between users’
spreading sequences, narrow-band interference, inter-symbol interference (ISI) and noise

at the receiver. These drawbacks, in general, affect the performance of a CDMA system.
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In highly loaded systems, conventional detectors are considered unsuitable choice, since
most of them suffer from the external interference sources such as adjacent channel
interference or jamming, and treat the interference as an additional background noise. In
practical, the primary source of interference is MAI in the CDMA system. This has
motivated to the development of numerous interference rejection techniques to overcome
the MAI and the near-far problem in the conventional receiver. Several state-of-art
approaches are proposed in literature to overcome this challenge such as the trained-
based systems. Also, the most conventional detection for the CDMA signals are based on
the second order statistics among user codes.

In CDMA system, Multiuser detection has been presented in several works in
order to enhance channel capacity and mitigate multiple access interference (MAI).
Multiuser detection was firstly established to obtain an optimum multiuser detector for
multi-Gaussian channel in [1]. In additional, several suboptimum detectors have been
proposed in [6-8], because of the computational complexity in the optimal detector which
make it unrealistic. In [1] and [32-36], the training sequence techniques were used to
present suboptimal detectors, i.e. adaptive linear detector and zero-forcing detector. In
[6], they proposed suboptimal detector based on the Liner minimum mean square error
(LMMSE) method. In [8], X. Wang and H. Poor proposed the blind MMSE and the blind
de-correlating detectors. In [31-36], adaptive blind detectors were proposed based on the
minimum output energy incorporating with constrained optimization methods. Several
subspace approaches were proposed in in the literature, i.e. [20], [20], [36]. In [10],
several types of group-blind linear detectors were proposed in order to enhance the

performance for uplink and downlink channels. The key idea of these detectors was to
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take advantage of the cross-correlation matrix which constructed by exploiting the
correlation between the successive received signals. These detectors suffer from the
computational complexity in order to be implemented. Also, they require information of
timing and spreading waveform of the desired user.

The aforementioned techniques periodically enforce the user to send a training
sequence that has to be known for the receiver in order to make the receiver able to
estimate the parameter of the propagation channel which are caused by the multiple
reflections of the radio waves on the obstacles encountered, i.e. buildings, cars, and trees
etc. Furthermore, according to [42], it has been reported that 20% of the bandwidth is
devoted to the training sequence in GSM and up to 40% in UMTS. In spite of the good
performance of the aforementioned techniques, the cost tends to be significantly large in
terms of bandwidth. However, adaptive signal processing techniques seemed to be more
sufficient methods to CDMA systems in the presence of the high dynamic conditions due
to the mobility of the mobile terminal, the short code case and the fortuitous of the
channel access. In particular, blind adaptive techniques tend to be a hot topic for last
decade in order to ensure the high communication rate due to its potential to eliminate/
reduce the training sets. Moreover, blind techniques are considered an attractive field so
as to work besides the trained-based systems to 1) reduce the training sequence, 2) to help
the trained-based systems to back up especially in fast-time varying channels and at
severe multipath fading. Also, Blind techniques help to recover the signals in some other
situations such as 1) eavesdropping, where using the training sequence is not possible or
not available, 2) when the receiver fails to keep on tracks the desired user. However, the

underlying user symbol sequences are usually mutually independent. Therefore, this is
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the key assumption that makes the CDMA system a suitable environment to take
advantage of the blinds techniques, such as information maximization [1] and minimum
mutual information [6]. Moreover, the adaptive LMMSE detector has been proposed to
overcome the complex matrix inversion operation, but this detector still needs the
spreading codes of all users. Therefore, the MMSE detector might not be realistic in the
downlink receiver. Also, it might be insecure in the downlink case. However, it seems
more suitable to work in the uplink case. Therefore, this chapter aims to recover the
source symbol sequences from the linear convolutive received mixture without any
knowledge of the user spreading codes and in the absence of channel identification.
Simply put, this chapter proposes blind adaptive detections, based on state space
structures using natural gradient method for multipath channels in CDMA systems. Three
update-laws are derived based on the state space structures, and then, three blind state-
space receivers (BSSR) are developed for MAI ISI suppression and symbol estimations.
The second contribution of this chapter is three semi-blind adaptive algorithms based on
the corporation between the RAKE receiver and the stochastic gradient algorithms which
are used in several blind adaptive signal processing algorithms, namely FastICA,
RobustICA, and principle component analysis PCA. Nevertheless, this chapter explores a
higher order statistics (HOS) in order to make the methods robust and secure against
incomplete cross-correlation and a near-far problem which consider other drawback
factors in conventional detection methods. The simulations are carried out to study and
verify the effectiveness of the proposed methods for solving the symbols estimations.
Moreover, we observe variations in the bit error-rate as a function of signal to noise ratio,

number of users and number of symbols per user. Finally, a comparison is attempted
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between the proposed algorithms and conventional ones in terms of performance and

their computational complexity.

Through this chapter, lower case letters denote scalars, bold lower case letters

denote vectors, and bold upper case letters denote matrices. The following symbols are

used to present our work:

vV VYV V¥V VY V V

>

()T refers to transpose operator;

(-)H refers to Hermitian transpose operator;
trace(*) refers to the trace operator.

j = =1 refers to the imaginary unite.
diag(-) refers to diagonal matrix;

sgn(+) refers to sign operator;

E[-] refers to statistical expectation.

The remainder of the chapter is organized as follows. In Section II, a brief

description and derivation of synchronous CDMA signal models in multi-path fading are

presented. Section III proposes the new detection scheme based on State space approach.

The comparative simulations results and conclusion are given in Section IV and Section

V, respectively.
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Figure 6.1: Signal generation model for a typical QPSK DS-CDMA system

6.2 DS-CMDA Signal Model
In this section, we briefly present the signal model for a DS-CDMA
implementation using one layer of spreading codes only. In a typical synchronous DS-
CDMA system employed for indoor ATM and certain ad hoc wireless networks [74],
[75]. In a DS-CDMA system, several users share the medium simultaneously by using
their own signatures. The simplest received signal model r(t) before filtering in a symbol
interval, as in Figure 6.1, is given by [75]
r(t) = Y-y lef=1 Z%:o mbimSk(t — mTy, — diT) + n(t)
(6.1)
where
¢ |k, m are path, user and symbol indices, respectively.
® oy is the path gain since in downlink model; the path gain does not differ
among users because all users’ signals are sent together and the path gain

oy and propagation delay factor d; depend only on the number of paths.

e bym is symbol.
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e s, (.) is spreading code ( chip sequence)

e d, is the propagation delay factor, dy; € {0, 1, ..., %

}

e (is the number of chips per symbol.
e T, T.,t are time, symbol and chip duration, respectively.
e n(t) is an additive white Gaussian noise (AWGN) channel.

In this chapter, the system is assumed to be time-invariant which means that the
channel parameters are much slower than the frequency of transmitted symbol data.
However, let us assume that G is the number of code sequence, K is the number of users,
and L is the number of channels. Thus, the vector form of the equation (6.1) will change
to be as:

r=HSb+n (6.2)

Where r is the received vector signal, H is an (G+ L — 1) x G matrix which
represents the multipath propagation coefficients, S is an G x K block diagonal matrix, b
is an K — d vector which represent the data symbols, n is the (G+ L — 1) — d channel
noise vector with covariance matrix Q. This model received signals (6.2) is suitable for
deriving the linear symbols detectors such as the MF, the RAKE, the LMMSE and the
blind Detectors based on FastlICA and Robust ICA algorithms [2], [11], [15]. In
additional, an alternative signal model is proposed in [80], [81] as a linear convolutive
model is given by:

r, = Hyb,, + H;b,_; + n, = Hb, + n, (6.3)
where
e 1, is the received signal vector;

e b, = [b;(n),..,bx(n)]" is a current bits of all users;
n 1 K
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e H, = [hy, ..., hy] is signature matrix of the current bits of all users
including MAI,;

0
hy (0)

Lh (N —di — 1)
e H; = [hy, ..., hy] is the signature matrix of the previous bits of all users
including ISI;

where

[ he(N—dy) 7

hk=

he(N+ M —1)
i 0 |

e H =[Hy; Hy] is the signature matrix of all users;

e b, = [by(n),..,bx(n)]" are currents bits of all user;

e b,_; =[by(n—1),..,bg(n— 1)]T are previous bits of all users;

e b, = [bl; bl_,]T are bits of all users;

e n, = [n(nN),...,n(nN + N — 1)]7is independent white Gaussian Noise

vector.
In uplink (asynchronous) CDMA systems, one can assume that H, and H; are

mutually independent, therefore H is a full column matrix and its rank is 2K as it’s shown
in [87], [89]. Whereas for downlink (synchronous) CDMA communication, H is a matrix

and its rank is full-rank with hardly restricted as in [91]. The main focus in this chapter is
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on the synchronous CDMA communication system although our proposed algorithms are

working well in asynchronous CDMA system [92], [88].

6.3 Conventional Blind Linear Multiuser Detectors
In this section, we briefly describe the conventional linear multiuser detectors
such as the Match Filter (MF), the Rake receiver and the LMMSE detector in multipath
environment. In additional, we briefly describe the Blind-Group detectors in [g] which
include the blind decorrelation detector and Blind linear hybrid detector. For more details

on these linear detectors, see [74], [86-95].

6.3.1 Single user detection (SUD) Detector

The SUD is a standard MF detector which exploits the user’s signatures to make
the best estimation of the user’s sequences from the data received at MS. This detector is
completely ignoring the MAI due to other users sharing the resources [74]. One can
express the MF Detector for ith user in DS-CDMA system as follows:

bPyr = S{'x (6.4)
where S; = diag(S;,5;, ---,5;) , Si =[00 ... 5;...0]. s; is the ith user’s signature

code, x is received data, and biL?MF is the estimated DS-CDMA symbol vector, see [74].

6.3.2 Rake Detector

Perhaps, the most special case of linear multiuser detection is the Rake Detector

which consists of multiple chip-delayed SUD fingers in parallel. In this chapter, we
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implement the Rake receiver with the knowledge of both channel delays and channel

coefficients. However, one can express the RAKE for DS-CDMA system mathematically
as follows:

blrake = S{ Hx (6.5)

Where H is the estimated channel matrix, and bER ke 1S the estimated ith user’s

symbol;

6.3.3 LMMSE Detector

Despite the fact that the conventional linear detectors based on the Least Square
(LS), Zero-Force (ZF) and BLUE algorithms perform poor especially in colored noise
presence, the LMMSE detector is considered as one of the best linear detector for DS-
CDMA system [74], [75]. However, one can express the LMMSE as follows:
bl umse = St HY(6*HH? + Q) *x (6.6)
Where (62HH" + Q) = R = E[xx"] is the auto-correlation of the received data
at the MS, and o2 is the average power of the transmitted power. There are several
drawbacks in implementation the LMMSE receiver; however, the main drawback is that
the computation of the auto-correlation R is very expensive. One can use the eigen-
decomposition instead of inverting the auto-correlation matrix R as follows [5], [74]:
bi,MZMMSE = SHH" (V;Ds Vi) x (6.7)
Where V; is the estimated Eigen-vectors of the auto-correlation matrix R, and D
is the corresponding eigen-valuse of the auto-correlation matrix R. Additionally, one can

use adaptive algorithms to estimate the LMMSE user’s symbols as in [135].
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6.4 The Proposed Detection Schemes Based On state space framework
In this section, a new blind detection strategy is proposed, based on the state space
framework [75]. We proposed the three blind multiuser detectors based on feed-forward
structure, feedback structure I, and feedback structure II, respectively.
Here, one needs to first recall the received signal model (3)
r, = Hyb, + Hib,_; + n,
The aim of this chapter is to detect the b symbol vector from the received data r
under the following assumptions:
e AS1) the GxK matrices,H,, H; is of full column rank.
e AS2) the symbol signals, b, are white, independent and identically
distributed (i.i.d)
e AS3) the Additive Noise vector is white and independent of source signals
e AS4) the power of the transmitted symbol signals, normalized to be unity.
e ASS5) the maximum lag in the entire multipath channels (max(rl)) is
smaller than the spreading gain of the CDMA G.
e AS6) the CDMA system is not over-saturated, which means the number of
users (K) is less the the number of the spreading gain (G).
e AS7) the channel is assumed to be a slowly fading wide sense stationary.
Each method involves two steps: First, a preprocessing stage. Second, the rotation
stage based on the state space structures. In the next subsection, we will explain the
preprocessing stage (whitening processes), and then we will derive the three methods

based on each state space structure in individual subsections.
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6.4.1 Step1: Preprocessing (Data Whitening)

In the preprocessing step, the symbol signals are detected up to a unitary matrix
using the second order statistic (SOS). This step was used to reduce the noise and to
eliminate redundancy in the data. Under the Assumptions AS1, AS2, AS3 and AS4, the
GxG covariance matrix (C) of the noiseless transmitted signals can be expressed by

C = E[rrH] — 6?Iyg (6.8)

Without loss of generality, we consider a simpler two tap models then we will
generalize them using induction techniques. Therefore, substituting r in (6.8), under our
assumptions AS1-AS7, one can expressed the covariance matrix C as follows

C = H,E[bb"]H," + H,E[bb"]H," = HoH," + H,H," (6.9)

Under AS1, the HyH,"and H,;H;™ can be decomposed, respectively as

Co = VAoV, (6.10)
C, = VAV, (6.11)
where V, and V; are an KxK matrix satisfying
VoV = Vv, = I (6.12)
vV, =v,Py, =1 (6.13)
and A, and A; are an KxK diagonal matrix containing significant eigenvalue
entries. So, from aforementioned equation (6.3), the GxG Hy and H; matrices will be

represented respectively as
1oy
HO = V()AO 2UO (614)

EE.
H1 = V1A1 2U1 (615)
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where Uy is a KxK full rank unitary matrix and UoUy" = Ix and U, is a KxK full
rank unitary matrix and U,U;T = Ix. However, the whitening step obtained matrix V,,
and V;so that the Kx1 whitened data vector ry’ has a covariance of the identity matrix,

C = Ik, which can be obtained as follows:
B = A,V 4 A2V, (6.16)

Therefore,

W = UMb, + UMb, + (AO_%VOH + Al_%le) n,
(6.17)
The transmitted symbols can be recovered based on the state space structures.
However, after the preprocessing step, the detection of the symbol signal b ,reduces to
determining the KxK unitary matrices Uy (rotation matrices). Next, the derivations for the

three proposed algorithms, based on feedforward structure, feedback structure I and

feedback structure II, respectively, are presented.

6.4.2 Step 2a: Determining the rotation matrix (unitary matrix) U based on
the feedforward structure.

The output from the feedforward structure is given in [75] as follows:

Vo = Uorl + o, Uprl (6.18)

Again, we consider a simpler two tap models, thus the two tapes of the
FeedForword model represents as

yn = Upry + Uyrp4 (6.19)
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However, one can re-write the previous convolutive filter in the following

augmented form
Yn _ UO U1 rl";v:I
=l il (6:20)

Let’s define that

So, the expression in (15) becomes as
Y=0UTR (6.21)
Based on ICA algorithm [2], [13], [14], the update law for the weight column of
de-mixing matrix U, we have
u* = u—pE[R(G(uR))| (6.22)
Where u is the column vector of U, p is the step size and G is the score function.

However,

= 32] (6.23)

Then
o] = [l [ Jeow (6:24)
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Where u, , u; are the column vector of U, and U,, respectively. Therefore, the

update laws for the individual columns are

+

Uo™ = ug — pry’ G(yn) (6.25)
u " =uy — prp; G(yn) (6.26)
By induction, the update law for the kth lag element uyis

Ut = uy — ury_ G(yy,) (6.27)

-
N
=

+
”nw ( j W)_l Yn

Figure 6.2: Feedback Demixing Structure |

6.4.3 Step 2b: Determining the rotation matrix (unitary matrix) U based on
the feedback structure I.

The output of the feedback structure I is given in Figure 6.2 as follows:
yn = Ug () + Zie1 Ukyn-k) (6.28)
Consider two tapes of the Feedback Configuration I model
Yo = Up " (r} + Usyn_1) (6.29)
However, one can re-write the previous convolutive filter in the following

augmented form
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[yfl_vl] - [léo Uﬂ [yi,:] (6.30)

Yn]:[UO Ul_l[rr","]
Yn-1 0 | Yn-1

Ynp_ 1[I —Ul][rrvlv]
yn_1] - det (UO) [O UO yn_l (6'31)

Let’s define that

¥ = ¥n ]

" 1Yn-1
_ I 0
w= [—U1 Uo]

k=]
Yn-1

So, the previous augmented expression becomes
Y=0TR (6.32)
Based on ICA algorithm [2], the update law for the weight column of de-mixing

matrix U, we have
ut =u— pE [’ﬁ (G(uT’R))] (6.33)
Where u is the column vector of U, p is the step size and G is the score function.

However,

0 10
ul = —U1°] (6.34)

The update law is
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o] = L] = [y J ot = vy
ul+ = uy Hyn_l n 1¥Yn-1

And

Then
0*71_710 ry
[u0+] B [uo] —H [Yn—1] GQuoyn-1)
The update laws for the individual columns are

+

Ug = Ug — HYn—1G(UOYn—1)

And

+

W =uy = pyn—1 GOy —ugyn_1)

By induction, the update law for the kth lag element uyis

Ut = ug — uyn—kG(ry — Ugyn-x)

~

l ‘ zIr

=

w .
"n > > Vn

Figure 6.3: Feedback Demixing Structure II
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6.4.4 Step 2c¢: Determining the rotation matrix (unitary matrix) U based on
the feedback structure II.

The output of the feedback structure II is given in Figure 6.3 as follows:

¥n = Uor} + i Uiynk (6.41)
Again, consider two tapes of the Feedback structure IT model

Yn = Uorn = U1¥n-1 (6.42)
However, one can re-write the previous convolutive filter in the following

augmented form

el =l 1 [yirv’_vl] (6.43)

Let’s define that

So, the previous expression becomes
Y=UTR (6.44)
Based on ICA algorithm [2], the natural gradient update laws for the weight

column of de-mixing matrix U, we have
ut =u—puE [ﬁ (G(uTﬁ))] (6.45)
Where u is the column vector of U, p is the step size and G is the score function.

However,

u=|[_ ] (6.46)
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Then
-
[u1+ = [ul] My, G(yn)
The update laws for the individual columns are
U™ =ug — ury' G(yn)
And

+

Wt =uy — pyn—1G(yy)

By induction, the update law for the kth lag element uyis

uk+ = Ug — IJ-Yn—kG(Yn)

(6.47)

(6.48)

(6.49)

(6.50)

Algorithm 6.1: RAKE based FastICA method

Input: (M xT) matrix of realization r, Initial demixing matrix W = I,

Perform Pre-Whitening
fr=Vxr=A"((-1)/2) E*T 1},
For loop: foreachi =1..N
R =WHHr(:,i)
W = E{[gWR)]"} - E{g'(WR)}W

W=W/norm(W)
bYicaC:,0) = STWH"r

End For
Output: the estimated Symbols b, ,

number of iterations Itr, Step Sizey i.e.y = 0.3, H is the estimated channel matrix,
gy =y
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6.4.5 The proposed adaptive detectors

In this section, we develop three adaptive detectors based the independent
component Analysis (ICA), Robust ICA and Principle Component Analysis (PCA).
Having the RAKE receiver structure in (10), one can express the adaptive weight RAKE
for DS-CDMA system mathematically as follows:

b?rake = STWHr (53)

Where H is the estimated channel matrix, bf?R axe 18 the estimated ith user’s symbol;
and W is an G x G weighting matrix. However, we present Algorithms 6.1, 6.2 and 6.3 to
estimate the matrix W adaptively based on the FastICA, Robust ICA and PCA

algorithms, respectively.

Algorithm 6.2: RAKE based RICA method

Input: (M xT) matrix of realization r, Initial demixing matrix W = I,
number of iterations Itr, Step Size y i.e.y = 0.3, H is the estimated channel matrix,
here g is the gradient of the Kurtosis contrast K(.)

Perform Pre-Whitening

{fr=Vxr=A4"((-1)/2)E"T 1},
For loop: for eachi =1..N
R = WHHr(:,i)
AW = (I¢ — R x RYW
Hope = arg " |K(y + ug)l
W =W+ u,, AW
W=W/norm(W)
blrica(:, 1) = STWH"r
End For
Output: the estimated Symbols b2,

6.5 Simulation Results
In this section, a series of simulations are carried out in order to verify the

proposed algorithms in downlink DS-CDMA system in the presence of AWGN. We
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assume a constant spreading gain, which is NG = 63 for Gold Code. The received
CDMA signal is taken in five multipath channels L =5 with delays of {0, 1, 2,3, 4}
chips, respectively. Also, we use the complex attenuation coefficients to represent the
multipath channels, which are hy, = 0.25 +j0.18,h; = 0.21 +j0.14,h, = 0.18 +j0.11,
h; = 0.14 +j0.11, and h, = 0.11 +j0.07, respectively. We use the following model
function for sub Gaussian sources which the source signals are having a negative kurtosis
sign.
GSYB(b) = b — (tanh(Re{b}) + jtanh(Im{b}))

Monte Carlo Simulation was run to verify the validity of the algorithm
simulations. Also, we use the signal to noise ratio (SNR) as a figure of merit which
merely represents the ratio of the energy per bit and the power spectral density (PSD) of
the noise. Moreover, all the user symbols are assumed to be transmitted with the same
power.

Figure 6.4 (a) and (b) sow the simulation results of SNR vs. BER for three
proposed detectors regarding to other ones for number of users K = 30 and K = 50,
respectively. The other parameters were set as: Number of symbols M=1000, Number of
paths L = 5, with various values of SNR -10 dB to 30dB. Rake based on RobustICA
algorithtm is used with these parameters: the source Kurtosis signs is considered to be
maximize absolute normalized kurtosis for all sources, 1e — 3 is used to be the threshold
for statistically-significant termination test, the maximum number of iterations per
extracted source is 1000, prewhitening (via SVD of the observed data matrix);
orthogonalization deflation type is used and the extracting vectors initialization is an

identity matrix of suitable dimensions.
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Figure 6.4: Average BER as a function of SNR for DS-CDMA downlink. Using
Gold codes G=63. (a) Using 30 users (b) Using 50 users
In Figure 6.4, the proposed algorithms improve the performance of the CDMA
system; blind multiuser detection based on the second feedback structure has given the
lowest BER regards to the others, and outperforms the performance of the other

detectors. We also observe that the proposed algorithms work in the high SNR ratio,



which most likely cause ill-posed problem for LMMSE receiver especially when the
sample set T is fairly small. Moreover, the performance of the blind multiuser detection
degrades as the number of the user increases as shown in Fig. 6.4 (b).

Also, to complete our discussion, Figure. 6.5 shows the performance of all the
proposed blind multiuser equalizers in terms of computational complexity. It shows the
average of the corresponding CPU time of each proposed method. However, the price to
pay for the enhancement in the BER performance is represented by the computational
complexity in terms of CPU times. We also study the effect of OVSF codes in Fig. 6.6.

Generally, Figure. 6.6 shows that using the OVSF codes enhances the performance of the

proposed methods.
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Figure 6.5: Corresponding CPU time for each method.
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Number of users K = 30, Using OVSF Codes G = 64
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Figure 6.6: Average BER as a function of SNR for DS-CDMA downlink. Using
OVSF codes G=64. (a) Using 30 users (b) Using 50 users

In the WCDMA System, we assume that the channel coefficients are hy = 0.25 +

j0.18,h; = 0.21 +j0.14,h, = 0.18 +j0.11, h; = 0.14 +j0.11, and h, = 0.11 +j0.07,
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respectively, the bandwidth of channel is 1.25 mega chips per second (MCPs), all user-
specific codes use two types of spreading codes, namely, Gold codes with a spreading
gain G=63, and OVSF or (Walsh-Hadamard) codes with spreading gain G=64. The long
scrambling code has a frame-length of 10 ms. In Figure 6.7, we demonstrate the
performance of the various methods in terms of BER for the WCDMA downlink

scenario.

We observe that the LMMSE is slightly better some presented detectors under the
good SNR conditions. But the proposed algorithm based on the second feedback structure
outperforms all detectors again at all SNR and has given the lowest BER regards to the

others.
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Figure 6.7: Average BER as a function of SNR for WS-CDMA downlink.
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Number of users K = 30, Using OVSF Codes G = 64
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Figure 6.8: Average BER as a function of SNR for WS-CDMA downlink.
Using OVSF codes G=64. (a) Using 30 users (b) Using 50 users

It is also worthwhile to compare the presented algorithms with a large data sample
set. Thus, Figure 6.8, Figure 6.9 and Figure 6.10 are the performance of the various
detectors with fairly long sample M=3000 in the DS CDMA and WCDMA systems,

respectively. A plausible notice, the LMMSE detector gets better than other detectors
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under good SNR conditions. But, still the proposed algorithm based on the feed backward
second configuration has exceeded the LMMSE detector at all SNRs less than 22dB.

Number of users K = 30, Using Gold Codes G = 63
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Figure 6.9: Average BER as a function of SNR for DS-CDMA downlink.
For 30 users (a) Using Gold codes G=63. (b) Using OVSF codes G=64.
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Number of users K = 30, Using Gold Codes G = 63
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Figure 6.10: Average BER as a function of SNR for WCDMA downlink.

For 30 users (a) Using Gold codes G=63. (b) Using OVSF codes G=64

Finally, we study the effect of the size of the sample set and the number of users
on the performance of the proposed method in Figure 6.11 and Figure 6.12, respectively.
In Figure 6.11, the simulation results show the BER vs. SNR with various K users at 500

symbols for each user for blind multiuser detection based on the second feedback
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structure detector. It shows that the proposed detector perform less improvement of the
performance as K increases. Thus, Figure 6.12 shows the simulation results of BER vs.
SNR with 30 users (K=30) for various data samples (M). Although the proposed
algorithm seems robust for sample sets and performs well, it is obvious that the proposed
algorithm also improves more consistently in the performance as M increases and
mitigates the MIA. Overall, the proposed algorithm outperforms other algorithms in most
cases and performs better to solve the symbol estimation problem in DS/WCDMA

downlink system, especially when the size of the sample set is relatively small.

Number of SampleSet M = 3000, Using Gold code G = 64
--- K=10

10 e==s=ss======== ==============

Figure 6.11: Average BER as a function of SNR for various number of users K
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6.6 Conclusion

This chapter carried out both simulation and theoretical demonstrations of the
blind multiuser detector based on the space state structures in the CDMA system. Also,
we develop the three blind multiuser detectors based on the three adaptive algorithms;
namely ICA, RICA and PCA. The results appear to show that the proposed algorithm
perform well in the symbol estimation problem in DS/CDMA systems and outperform
the other conventional detectors and the Adaptive MMSE. Our results also show that the
Multiple Access Interference (MAI) can be mitigated by the proposed algorithm, thus
improving the performance of blind multiuser detection. Although the proposed method
improves as the size of the sample set increases, the results show the proposed detector
performs well even though the sample sets are small, unlike the LMMSE detector.
Moreover, unlike the complexity of the LMMSE detector, the complexity of the proposed
methods, being a constant, didn’t increase exponentially. Finally, the proposed method,
unlike the adaptive LMMSE detector, has no restriction about the spreading codes since
they do not require the spreading codes of the interfering users. Therefore, it is a more

suitable choice in the downlink case and it does work in the uplink case as well.
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7 Chapter 7

Constrained Blind Multiuser Detection for DS-
CDMA System

In direct sequence code division multiple accesses DS-CDMA communication
system, the blind multiuser detection is presented for enhance the computational
complexity and mitigate the multiple access interference (MAI) in the detector. The ill-
condition of the covariance matrix of the received signals degrades the performance of
the linear minimum mean-squared error LMMSE detector. Especially, when the Signal to
noise ratio is high and small data set is available for covariance matrix estimation. In this
chapter, we introduce a constrained blind multiuser detection in order to improve its
performance with imposing the regularization parameter to cope the ill-conditioning
problem of the covariance matrix and to mitigate the performance degradation. Through
simulation results, we show that the proposed method improves the performance of the

blind multiuser detection and outperforms the conventional multiuser detections.

7.1 Introduction
Multiuser Detection has been one of the significant topics in communication
system for past decades because of its potentials to suppress the multiple access

interference (MALI) efficiently in CDMA systems. Recently, significant attention has been
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given on multiuser detection in blind manner, which only requires a prior knowledge
about of the signature sequence and timing of desired user [74-79].

In CDMA system, Multiuser detection has been presented in several works in
order to enhance channel capacity and to mitigate multiple access interference (MAI).
Multiuser detection was firstly established to obtain an optimum multiuser detector for
multi-Gaussian channel in [76]. In additional, several suboptimum detectors have been
proposed in [76] and [77], because of the computational complexity in the optimal
detector which make it unrealistic. In [76], [81] and [82], the training sequence
techniques were used to present suboptimal detectors, i.e. adaptive linear detector and
zero-forcing detector. In [75], they proposed suboptimal detector based on the Liner
minimum mean square error (LMMSE) method.

In general, the ill-posed linear equation problem has been arisen in blind
multiuser detection through the ill- covariance matrix which degrades the performance of
the LMMSE detectors [76], [81]. This problem affects the MUD when small observed
numbers of symbol users are considered, especially, in high signal to noise ratio
environment. For example, when a small data set transmits over slowly time varying
channels, we use a small data blocks within the channel coherence time. Therefore,
several works have suggested to use regularization techniques, i.e. [76], [80] to deal with
the ill-posed problem in order to gives a stable solution of the blind multiuser detection.

This chapter develops a Blind linear DS-CDMA detection technique, based on
minimum of energy output. The key idea of the proposed detector is to improve the
conventional blind detector by imposing a new constraint on the cost function and add a

regularization parameter to the covariance matrix to avoid the singularity especially in the
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presence of high SNR environment [74]. The main focus of this chapter is to study the
effect of the new constraint and regularization parameter in the presence of the high
additive Gaussian noise AWGN for long and small data sets. Furthermore, we study the
robustness of the proposed detector due to see the effect of the mismatch between the
original code sequences and estimated ones on the performance of the proposed detector,
which most likely happens in multipath channels. The simulations are carried out to
observe variations in the bit error-rate as a function of signal to noise ratio, number of
users and number of symbols per user. Furthermore, the performance of the proposed
algorithm was studied and a comparison attempted between the proposed algorithm and
subspace blind multiuser detection [87] in terms of their performance. The remainder of
the chapter is organized as follows. In Section II, a brief description and derivation of
synchronous CDMA signal models are presented. Section III presents the conventional
detectors. Section IV proposes the proposed detection scheme. The comparative

simulations results and conclusion are given in Section VI and Section VII, respectively.

7.2 DS-CMDA Signal Model

Assume we have a downlink (synchronous baseband) DS-CDMA system with K
users. At the receiver, the sampled received signal during the ith symbol through the
match filter with chip rate T, is given in vector form by [75]

r(i) = YK _ Axblilsy +n(i) Vvi=0,1,2,..,L—1
(7.1)
where
r(i) = [r; (1), r2 (i), ..., ry(1)]T, where N denotes the number of processing gain.

e Ay is the received amplitude
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o byli] € {£1} are the ith transmitted signal and are assumed to be
independent

e sy is the normalized signature waveform of the kth user.

e n[i] is the additive white Gaussian noise (AWGN) and assumed to have
zero mean and covariance matrix equals o2y, where Iy is an N identity
matrix.

e L is the number of user symbol

Without loss of generality, we assume that the signature waveforms sy are
linearly independent and the noise n[i] is independent of user data. However, the
covariance matrix of received signal {C = E[rr"]} is given by:

C =E[rrT] = ¥¥_, Asysy + 0?ly (7.2)

According to [74] the decision output of the linear detector for ith transmitted
symbol of the user one can be described as a weight vector m; € RN, however, it is given
by

6:() = sgn (mfr()) = sgn(r" (Dmy) (7.3)

Let’s denote that R = [r(0),r(1),...,r(L — 1)] and b;, = [b;(0),b; (1), ...,b; (L —

1)], so equation (3) becomes in vector form as

R-my =b, (7.4)

7.3 Conventional Blind Multiuser Detection
Despite the fact that the conventional linear detectors based on the Least Square

(LS), Zero-Force (ZF) and BLUE algorithms perform poor especially in colored noise
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presence, the LMMSE detector is considered as one of the best linear detector for DS-
CDMA system [74] —[85]. However, one can express the LMMSE as follows:
Mepe = argmin{E[[|b, — m"r||?]} (7.5)

So, the MOE detector is given by [1], [7] as follow:

m; = (s;C71s;)"1C s, (7.6)

Subject to mfs, =1

According to literature [74], the ideal bit error rate (BER) of Minimum of Energy

detector (MOE) under the constraint m''s, = 1 is given by following the approximation

Aq

&zQEJE:j=QQﬁ$) @.7)

where

Q(x) = (J%) [2 exp (—X2/2> .dx (7.8)

However, in practice, the covariance matrix is computed using the observation
value as follows:
C~C= X, rlilr"[i] (7.9)
As it has been reported in literature, the detector suffers from the ill-conditioned
problem, especially, when the SNR is high and the data sample set is small, which cause
degrading the performance of the detector.
Whilst the covariance matrix C sometimes in practice becomes in the ill-

conditioned matrix, as a result, the inversion of the ill-conditioned matrix will lead to ill-
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posed problem, which degrades the robustness of the detector. Several methods have
been proposed to avoid this ill-posed problem in literature, the most two important
methods are subspace decomposition algorithm and Regularization method, which have
already been proposed in [76] and [79], respectively. Here, we impose a new constraint to
speed up the convergence and improve the performance; also, we use a new regulation
rule to avoid the ill-posed problem. The detector based on the subspace decomposition
algorithm (SBMUD) is given by [74]-[79]
msgmup = [sF [UsD5 U] 25y ]~ [U D5 U] s, (7.10)
SBMUD can solve the ill-posed problem by dividing the ill-conditioned matrix
into two subspaces, which are the signal subspace and the noise subspace. The main
problem in this method is the performance of the detector totally depends on the
estimation covariance, which increases the chance to degrade the performance of the
detector if the estimation covariance matrix presents a large deviation from the ideal
covariance.
Li Hu, in [76], applies Tikhonov regularization [80] to mitigate the ill-posed
algorithm. It is well-known that the regularization is effective way to avoid the ill-

conditioned matrix. The detector based on Tikhonov is given by
~ -1 7171, -1
Myeguar = [SE[C+al] si|  [C+al] sy (7.11)
Where a is the regularization parameter, note that the regularization method just
adds energy constraint to boosting the covariance matrix to be well-conditioned matrix.
In [76], they use two rule for a based on Tikhonov [80] which are a) o = m. tr(C) where

m is a positive constant and tr(-) represent the trace of estimation covariance matrix C
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and b) a = c. A3 Where c is a positive constant and the A, 1S @ maximum eigenvalue

of estimation covariance matrix C.

7.4 The Proposed Detection Scheme
In this section, a new blind detection strategy is proposed, based on the minimum
of energy of the output [74]. Here, one needs to first recall the received signal model (3)
r=Hb+n (7.12)
Without loss of generality, we assume that the first user to be the desired user.
However, one can estimate the desired user as a weight vector w € RN. Therefore, the
output is given by:
y = whr (7.13)
The output power E[y?] can be expressed as follows
E[y?] = wHRw (7.14)
where R = E[rr!] is the covariance matrix, and E[.] is expectation operator. In
order to avoid the ill-conditioning of the covariance matrix R of the received signal, we
are going to impose the regularization parameter into the energy functions under the

following two constraints

H —
{ wis: =1 (7.15)

Yk WHs =0

However, the proposed blind linear detector can be expressed as the following
constrained optimization problem:

Wopt = arg miny {E[|lb; — wr[|?] + c|lwl|?} (7.16)

whs, =1

Subject to
) { E:z WHSk =0
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Therefore, one can solve the above constraint problem using the augmented
Lagrangian method, so the cost (energy) function is given by
J = wHRw + c[lwl? + v, (whs; — 1) + Yz(ZE:z WHsk) (7.17)
where = m. (tr(C) + Ahax) , it is regularization parameter with m is a positive
constant. Y; and y, are the Lagrangian multipliers. Therefore, the gradient of ]
expression is
g = 2RW + 2cw — y;5; + Y3 i, Sk (7.18)

Let’s define that

S, = Sk

N=

k=2
Therefore, the gradient g in (4.18) becomes
g = 2Rw + 2cw + y4S1 + Y252 (7.19)
Then

1 _
Wopt = 3 [R + cI]7*[y151 + V252] (7.20)

Where [ is an N x N identity matrix. Under the first constraint, we have

whs; =1 (7.21)

However,
% [R+cI]™ts; + YZ—Z [R + cI]‘lsz]H s;=1 (7.21)

Therefore,
y1 = [sHR+ cl]"%s,] 71 |2 = v [sHIR + cI] s, (7.23)

Now, under second constraint, we have

YK whs, =0 (7.24)
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Then

However,

K K
yz [R+ cI]~ Z %ZE[R+CI]‘1ZSk=O
k:

K
Yz—ls?[R + cl] s, +Y722 st [R+cl]™'s, =0

Let’s define that

s;1 = sH[R + cl] ™ ts,

Sp1= ) st [R+cl]™?

Mx

=
1

2

s12 = sH[R + cl]1s,

K
Syp = Z st [R +cl]™'s
k=2
Therefore,
Y1 =511 '[2 = v2521]
Then
-1 2 _
S117 (2 = V28211812 + ?522 =0
_ _ Y2
[2511 1S12 — Y2511 1521512] + ?Szz =0

-1
— -1 1 -1
Y, =2 [511 §21S812 — 5522] S11 "S12
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7.5 Simulation Results

In this section, the simulated DS-CDMA downlink data in the presence of AWGN
is carried out to verify the proposed method and compare it to the Subspace Blind
Multiuser Detector (SBMUD). We used spreading codes with short gold for the length of
chips to be C=31. Thus, the maximum number of users K =30 and assumed all signals for
all users are sent at the same power. Monte Carlo Simulation was run to verify the
validity of the algorithm simulations. Figure 7.1. shows the simulation results of SNR vs.
BER for all detectors. The parameters were set as: Number of symbols L=500 and 1000
respectively, Number of users K=15, with various values of SNR 0 dB to 12dB. In Figure
7.1, we can see that the proposed algorithm improves the performance of the system,
given the lowest BER regards to the SBMUD, and outperforms the performance of the
SBMUB. Furthermore, we can also observe that the performance of the proposed
algorithm slightly outperforms the performance of the regularized algorithm [76] at small

sample sets, i.e. L=2N and 3 N, in Figure 7.2.
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Figure 7.1: Average BER as a function of SNR for 15 users
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Figure 7.2: Average BER as a function of SNR for 15 users with L=2N, L=3N.

Fig. 7.3 show the simulation results of BER vs. Regularization parameter with 15
users and 1000 sample sets for various SNR at SIRx = —20 dB and SIR, = 0 dB. It is
obvious that the BER performance at SIR, = —20 dB is worse than that at SIR,, = 0 dB.
Furthermore, the BER performance performs well and outperforms the direct matrix
inversion (DMI), which occurs at g =0, under all SNR wvalues. Moreover, the
regularization parameter can be chosen as g = 0.025. In order to study the effect of the

signature waveform mismatch on the BER performance as in [3].
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Figure 7.3: Average BER as a function of SNR for 15 users For various
L sample sets
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Figure 7.4 represents the BER performance corresponding to channel
coefficients H; = [0.7,0.2,0.1] with (s;|5;) = 0.7032, and H, =[0.65,0.15,0.3]
and (s;|S;) = 0.6597, respectively; where §; represent the effective signature waveform
vector. And for L=1000 and K= 15 users. Herein, it is obvious that the proposed detector
has almost the same performance in the mismatch case and without mismatch.
Furthermore, it is clear that the performance degrades as mismatch increases as shown in
Figure 7.4. Despite the performance degrades with mismatch increases, the proposed
algorithm still performs well and gives a reasonable performance close to the match one.
Overall, the proposed detector performs better for solving symbol estimation problem in

DS-CDMA system and avoids the ill-condition in inversion matrix.
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7.6 Conclusion

In this study, we have developed the constraint blind multiuser detection based on
minimum of energy. Furthermore, we use the regularization method to avoid the
singularity in covariance matrix and ill-posed problem. The results appear to show that
the proposed method performs well in the symbol estimation problem in DS-CDMA
systems and outperforms the other detectors. Our results also show that the Multiple
Access Interference (MAI) can be mitigated by the proposed method, thus improving the
performance of conventional Detection. Furthermore, the results show the proposed
detector displays most robustness in the performance as mismatch between the original

sequence and estimated one increases.
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8 Chapter 8

Hardware Implementation

In this chapter, we investigate the ICA algorithms in terms of hardware
implementation. Although software implementation is important to investigate the
capabilities of ICA algorithms and to simulate significant aspects of applications,
Hardware implementation provides real time solutions and an optimal parallelism method
in terms of fast convergence. Furthermore, software implementation may suffer from
insufficient memory problems because the large data sets of the ICAs’ applications and
its high dimensionality. Thus, hardware implementations are a promising approach to
implement the ICA algorithms and they are executed by Integrated Circuit (ICs). Owning
the high speed processing and the parallel architecture features make the hardware
implementation outperforming the software implementation in terms of sufficient

memory and fast convergence [105].
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8.1 Introduction

During the last decade, several works have been presented to implement some of
ICA algorithms on fully analog CMOS circuits, mixed (analog and digital) signal
integrated circuit, application-specific integrated circuit (ASICs) and field programmable
gate arrays (FPGAs).

In both analog and mixed CMOS integrated circuits, designers can integrate and
create a fully customized design based on analog CMOS technologies or Mixed
technologies. Although these aforementioned methods use the silicon in a more efficient
way, the costs of these methods are significantly high, especially in terms of design
expense and process. Therefore, the digital ASICs and FPGAs are considered to be an
efficient ways to implement the ICA algorithms in general. Furthermore, one can
consider the FPGAs based on the reconfigurable technology are the most promising
technique to implement the ICA algorithm in terms of cost, since it allows the end user to
modify and re-configure their designs multiple times.

One can refer to the survey in [99], where they studied and investigated the
implementation of ICA algorithm based on very large scale integration (VLSI)
approaches. Also, as we aforementioned, several designers implemented some of ICA
algorithms based on the analog and mixed integrated technologies i.e. [100], [104] and

[106].

8.2 Comparative Study of Existing Solutions to implement ICA Algorithms
In the last decade, VLSI technologies have been presented with several

advantages which make it great choice to implement the ICA algorithms.

221



8.1.1 Analog CMOS Integration Circuit

Implementation of ICA algorithms based on an analog integrated circuit is usually
the first choice in terms of low circuit delay and power consumption. Analog circuit
design allows the end users to work at transistor level and necessary interconnections.
Therefore, it emphasizes that the application based on analog integrated circuit has the
minimum amount of transistors and the shortest interconnections to achieve the high
circuit density and then low circuit delay and power consumption.

In implementation process, the implementation of ICA algorithms can be utilized
by dividing the design process into several groups based on the functions. However, one
can design a simple module structure such as 2 x 2 input-output structures in order to
extend it to any size readily. Also, this method has the ability to control the design area
based on the application and it can be connected to external peripherals due to Analog-
Digital Converter / Digital-Analog Converter on or off the chip.

In [101], Cohen and Andreou proposed two chips to implement the H-J ICA
algorithm of speech signals. Fabrication was based on a 2-um, n-well CMOS process.
Also, Gharbi and Salem in [136], proposed a chip design for the H-J algorithm using the
2 um CMOS technology. Lately, Cho and Lee in [100] presented an analog CMOS chip
to implement the InfoMax ICA algorithm using a 0.6 um, p-well, AMS CMOS process.
Their design consisted of a multiplier circuit, weight update circuits and quadrature
function circuit.

The analog integrated circuit design has several drawbacks such as high expense
of the workstation-based development system and slow turnaround time (approximately

eight weeks). Thus, one can consider it an insufficient method to fast implementation of
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most ICA designs [99]. Moreover, the analog CMOS circuits sometimes suffer from the
transistor mismatch which affects the performance of the CMOS circuit. Transistor
mismatch occurs due to edge effects, striation effects and random variations, for more
details refer to [137].

In spite of all the aforementioned drawbacks, the analog integrated circuit is still
very efficient in terms of design. Also, one can solve the transistor mismatch problem
through increasing the current due to increasing the length or the width of the transistors
and using the concentric structure to ensure the matched transistors by sharing the same

surrounding structures.

8.1.2 Mixed Signal Techniques (Analog and Digital Circuit)

Mixed Signal Techniques provide an alternative approach to the analog integrated
circuit. Actually, it combines the analog and digital circuit to take advantage of digital
circuit in terms of fast switch and easy implement for certain application i.e.: Digital to
Analog circuit. Although, mixed signal circuit outperforms some of ICA implantation
based on analog integrated circuit, it still suffers from the expensive cost in terms of the
workstation-based and the long time of the prototype turnaround period.

In [102], they simplified the H-J and infomax ICA algorithms and proposed a new
chip design based on the mixed signal design. Also in [105], they used the parallel VLSI
architecture to implement the feed-forward network. The chip was fabricated by 0.5 um
two poly three metal CMOS technology.

According to aforementioned reasons, one can say that the analog CMOS and

Mixed signal techniques provides the end user with an efficient full-custom solutions to
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ICA algorithms. But it still requires having sufficient knowledge about the transistor level
design and the physical problem. Also, it considers costing expensive in sense of time

and cost of the work-station.

8.1.3 ASIC Solutions

Application Specific Integrated Circuit (ASIC) is considered to be one of the
digital VLSI technologies which also include FPGAs. ASICs typically contain about ten
million gates. They allow the end user to take advantage of the large number of libraries
that are provided by IC vendors. Thus, one can call ASICs semi-custom solutions.
Actually, although ASICs somehow increase the design risk and the cost in the sense of a
nonprogrammable feature; it provides solutions for the very complex ICA algorithms
with a good compact circuit design and low power consumption.

Table 8.1 compares the Implementation of ICA algorithms based on analog IC
and mixed IC and ASIC solutions. Clearly, compact circuit design (ASIC) achieve the

best performance in terms of low power circuit as a result of small chip design.

8.1.4 FPGA Solutions

Field programmable gate arrays (FPGAs) are products that are fabricated with
specific standards and general-purposed by hardware companies. They allow the end user
to implement a specific task or design on them. Also, the end users can modify their
designs several times and program the interconnections in a few hours instead of waiting

several weeks for the final fabrications. Therefore, FPGAs have outperformed the other

224



VLSI technologies in terms of the turnaround period and the development expense.
Typically, FPGAs contains more than 2000 gates and up to 2 million.

In the literature [103-115], many works have been proposed to implement the
ICA algorithm based on the FPGA technologies [103], [104] and [106]. Also, according
to [138], the current growth of the FPGA/ASIC technologies has reached far beyond the
Moore’s Law. Table 8.2 and Table 8.3 presents the recent FPGA solutions to implement
the ICA algorithms. Although FPGAs outperforms the other VLSI technologies by
having reconfigurable and reusable features, they usually suffer from the higher circuit

delay which restricts their capacities. For more details refer to [99].
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Table 8.1: Comparison of Analog, Mixed signal and ASIC Solutions

Research ICA algorithm VLSI Category
Group
Cohen and Herault -Jutten Analog
Andreou [101]
Gharbi and Herault-jutten Analog
Salam [136]
Cho and lee Infomax ICA Analog
[100]
Celik et al. H-J, infomax ICA Mixed
[102]
Duetal. Parallel ICA ASIC
[104]
Research Fabrication Technology Chip Size
Group
Cohen and 2 um n-well 2M2P CMOS N/A
Andreou [101]
Gharbi and 2um CMOS 2.22x2.25
Salam [136]
Cho and lee 0.6 um p-well 3M2P 2.8x2.8
[100] CMOS
Celik et al. 0.5 um 3M2P CMOS 3x3
[102]
Du et al. 0.18 um 6 M1P CMOS 1.191 x 1.191
[104]
Research Input X Output Voltage (V)
Group
Cohen and 2x2 -25-25
Andreou [101]
Gharbi and 2x2 N/A
Salam [136]
Cho and lee 4x4 -25-25
[100]
Celik et al. 3x3 N/A
[102]
Du et al. 1 x 1 sequential -1.8-1.8
[104]
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Table 8.2: Comparison of FPGA Solutions

Research Group ICA algorithm FPGA
Lim et al. [99] MI and DO ICNNs Xilinx Virtex
XCV 812E
Nordin et al. [109] Pipelined InfoMax N/A
Satter and Charay. Infomax ICA Xilinx Virtex E
[113]
Wei and Charo. Infomax ICA Xilinx Virtex E
[111]
Kim et al. [103] InfoMax ICA Altera
EP20K600E
Du and Qi [104] Parallel ICA Xilinx Virtex
V1000E
Research Group Frequency Samples
Lim et al. [99] 155K Hz M1, 3.62 KHz 1500
(DO)
Nordin et al. [109] N/A N/A
Satter and Charay. 60M Hz 2500
[113]
Wei and Charo. 12.288 M Hz N/A
[111]
Kim et al. [103] N/A N/A
Du and Qi [104] 20.161 MHz 60000

Research Group

Capacity (Million Gates)

Design Utilization

Lim et al. [99] 25 0.7 % MI, 0.5%
DO
Nordin et al. [109] N/A N/A
Satter and Charay. 0.6 6%
[113]
Wei and Charo. 0.6 15%
[111]
Kim et al. [103] 0.6 N/A
Du and Qi [104] 1.0 92 %
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Table 8.3: Comparison Results Among Various ICA Implementations

[101] [103] [102] [103] [104] [112]
Application Speech Image Image Speech EEG EEG
Algorithm ICA pICA pICA FastICA InfoMax FastICA
Number of 2 20 (WVs) | 4 (WVs) 2 4 8
Channels /
Weight Vectors
Speed 12.288 35.92 20.161 50 68 100
(M Hz)
Power 98.8 N/A N/A N/A N/A 16.35
Dissipation
(mW)
Gates 0.0114 N/A 0.2295 N/A 0.315 0.272
(Million)
Computation 60 1129.5 N/A 0.003 N/A 0.29
Time (Sec)
Implementatio ASIC FPGA ASIC FPGA FPGA FPGA
n
Approach
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8.3 Multiplier Design

In this section, we design a down-conversion mixer (multiplier). So, the proposed
mixer is shown in Figure 8.1. The structure is a modified variation of the Gilbert cell
double balance mixer which has benefits of good port-to-port isolation and low even-
order distortion.

The circuit consists of RF stage(Myq, My3), LO Switching Circuit(My3; — Mye),
Current Injection Circuit(Mp; — Mp3), Boosting Inductor(L;,L;), a load resistance
stage(R4, R;), and an output driver stage(Myy, My3). The trans-conductance stage “RF
stage” amplifies the input differential RF signals. This stage is composed of the stacked
NMOS-PMOS transistors. We mixed differential signals from RF and LO input ports
through operating LO signals as an ideal switch function. We added Current Injection
Circuit(Mp; — Mp3) to improve the conversion gain and linearity. Output driver
transistors(Myq, Myz) are common-source stages to match the output characteristic
impedance of 50. The parasitic capacitance at the source node of LO Switching

Circuit(My3z — Myg) affects the mixer performance significantly.

229



e,
=)

—
I ..i;

—Iil _ .:? mem‘ !u’t',lcuf.cur-? < 1—‘
T g4 = N
A e 1%

v gnd
gnd ¢

v
) B ||.'

7

S o——
h-ﬂ'll
~ B

gnd & P

Figure 8.1: The proposed Mixer (Multiplier) schematic.

So, we used boosting inductor(L4, L) to resonate with the parasitic capacitance in
order to improve the performance and specifically to improve the linearity. Transistors
(My3 — Myg) form bias circuit to provide bias current to other stages in the circuit.

We used the current injection technique to maintain the total current of the mixer
of the mixer and to reduce the switching stage flicker noise since less noise is generated

at the output with less current flowing through the switching stage. The drawback from
current injection is the parasitic capacitance at the source of the switching stage where
this capacitance becomes larger. So, the two inductors are placed between the RF input
stage and the switching stage. Furthermore, the series resonated inductors provide high

impedance so as to improve the conversion gain with good gain flatness and linearity.
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The NF is defined by amount of noise contributed by the circuit. The mixer
carries out both the RF and the image signals to the same IF.
So for a noiseless mixer the output SNR is half the input SNR then NFSSB of a

noiseless mixer is 3 dB. So, the NF is

SNRgr
N

NF = 1010g[S R
IF

| tam

NFSSB == 3 dB + NFDSB

To measure mixer's performance depends on power consumption, conversion
gain, linearity, and noise figure. A Figure of Merit (FoM) is a quantity used to
characterize the performance of a device that attempts to combine all the important
parameter values that describe the performance of a circuit.

This value could be used to measure the performance of the mixer circuit so, FoM
is:

_ Gain(abs).IIP3(mW)
~ NF(abs). V4q. Power(mw)

FoM

Where IIP3 is input third-order intercept point, Vdd is the power supply; NF is

Noise Figure of the circuit. And power is the power consumption.

8.4 Simulation Results

In this section, we present simulation results for the Mixer circuits. The presented
mixer is designed by TSMC The circuit is 0.18 um CMOS RF process and is simulated
using the Cadence tool.

The proposed Mixer design described in previous section is operated around 1.9
GHz. biased at 1.2V supply voltage. As shown in Figure 8.2, with an RF power of -
30dBm and an LO power of 5dBm, IF frequency of 250MHz, the conversion gain
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1s15.9 + 0.4dB. The results show good gain flatness within the IF band. Figure 8.3
shows the DSB-NF of our design as a function of the IF frequency. It is clear that the
DSB noise figure is less than 7.2 dB. So, the SSB Noise figure would be less than 10 dB.
Figure 8.4 presents the conversion gain versus the power supply, it is clear that
the mixer can work very well with low voltage supply. Furthermore, Figure 8.4 shows the
gain conversion versus the power of LO, it is so obvious the stability of our design and
the higher gains over the wide band LO frequency. For the IIP3 point, we use the two
tones test to measure it. As shown in Figure 8.5, we get a suitable IIP3 of 10.25 dBm.
And the 1-dB compression point of -0.8 dBm. Then FoM is 0.194, which outperforms

results reported in the literature.

peEak {dil
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Figure 8.2: Voltage Conversion Gain versus IF
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Figure 8.3: Voltage Conversion Gain versus IF

8.5 Conclusion

In this chapter, we used the TSMC 0.18um CMOS to simulate the mixer design. The
mixer demonstrates high linearity and high gain performance. Furthermore, we achieved
a good noise figure. On the other side, we achieved a mixer that has a 15.9 dB conversion
gain and 10 dBm IIP3 linearity with 7.2 dB DSB-noise figure. In this chapter, the
injection current with boosting inductor achieve a high performance for the mixer

(multiplier) at low voltage supply.
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Figure 8.6: The proposed Mixer (Multiplier) Layout.
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9 Chapter 9

Conclusion and Future Work

In this chapter we conclude the dissertation and highlight directions for future work.

9.1 Conclusion

In this dissertation, Chapter 1 provided the background needed for the discussion
of blind source separation problem. The benefits of blind techniques were discussed
along with its applications in wireless communications, and speech enhancement.

Chapter 2 performs a thorough review of the BSS\ICA algorithms, and then it
gives an overview of the ICA algorithms and emphasizes the approaches that influenced
our work. It also studies some of the methods that have been developed to solve the ICA
problems in the case of instantaneous and convolutive mixtures.

In Chapter 3, a novel divergence measure class is presented based on integrating
convex functions into the Cauchy—Schwarz inequality. This divergence measure is used
as a contrast function to develop new ICA algorithms to solve the Blind Source
Separation (BSS) problem. The CCS-DIV derived algorithms can be controlled to attain
the steepest descent towards the minimum value. Also, a pairwise iterative scheme is
employed to address the high dimensional problem in BSS. Two schemes of pairwise

non-parametric ICA algorithms are developed based on the proposed divergence. Several
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examples and experiments are carried out to show the improved performance of the
proposed divergence. Furthermore, this chapter compares the metric performance with a
host of leading ICA algorithms. We have developed also nonparametric CCS—ICA
approaches to demixing where the source signals are estimated by the Parzen Window
density. The convergence speed of the parameterized CCS—ICA procedure is evaluated
and compared to other algorithms. The proposed CCS—ICA algorithms attained the
highest SIR in separation of speech and music signals relative to other leading ICA-based
algorithms.

In chapter 4, we presented the RobustICA-based algorithm to solve the
frequency-domain BSS problem for convolutive acoustic mixtures in several adverse
conditions. Through the real-world experiments, we show the superiority of the presented
algorithm among other popular algorithms in the literature in terms of the performance
and complexity computation. Moreover, we compared several permutation solvers in
terms of computation complexity and performance to provide the RobustICA-based
algorithm with an efficient frequency-dependent permutation scheme. Finally, we studied
the effect of several parameters on the separation performance of the presented algorithm.
We also presented the effect of the type of the window on the separation performance and
we also showed that the performance improves at a certain range of overlapping between
the signals. Lastly, in this chapter, we showed the performance of a system that can work
efficiently with around 0.5-10 seconds of input data, which is close to the real-time
implementation. Accordingly, our proposed algorithm is optimized to be suitable for the
real-time operation. As a result, it is suitable for a large number of applications to ensure

the real-time implementation.
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Chapter 5 has investigated three adaptive algorithms for user-detection in CDMA
systems, the proposed one based on fourth order cumulant matrices, the Fast ICA and the
Robust ICA algorithms. The results show that the proposed algorithm exhibits better
performance relative to the other two user detectors. The results also show that the
proposed algorithm can mitigate Multiple Access Interference (MAI), thus improving the
performance of conventional detection. Furthermore, the performance of the proposed
detector displays the most consistent improvement as M (the number of symbols)
increases. Also, we assess the performance of computational complexity of the three user
detection algorithms employing the average signal of mean square error SMSE, as a
contrast function of independent criteria. The results show that the proposed detector
provides a faster and more robust performance.

Chapter 6 carried out both simulation and theoretical demonstrations of the blind
multiuser detector based on the space state structures in the CDMA system. Also, we
develop the three blind multiuser detectors based on the three algorithms ICA, RICA and
PCA. The results appear to show that the proposed algorithms perform well in the symbol
estimation problem in DS/CDMA systems and outperform the other conventional
detectors and the Adaptive MMSE. Our results also show that Multiple Access
Interference (MAI) can be mitigated by the proposed algorithms, thus improving the
performance of blind multiuser detection. Although the proposed method improves as the
size of the sample set increases, the results show the proposed detector performs well
even though the sample sets are small, unlike the LMMSE detector. Moreover, unlike the
complexity of the LMMSE detector, the complexity of the proposed methods, being

constant, didn’t increase exponentially. Finally, the proposed algorithms, unlike the
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adaptive LMMSE detector, have no restriction regarding the spreading codes since they
do not require the spreading codes of the interfering users. Therefore, it is a more suitable
choice in the downlink case and it does work in the uplink case as well. Moreover, In
Chapter 7, we introduce a constrained blind multiuser detection in order to improve its
performance with imposing the regularization parameter to cope the ill-conditioning
problem of the covariance matrix and to mitigate the performance degradation.

In Chapter 8, we investigate the ICA algorithms in terms of hardware
implementation. Although software implementation is important to investigate the
capabilities of ICA algorithms and to simulate significant aspects of applications,
Hardware implementation provides real time solutions and an optimal parallelism method
in terms of fast convergence. Furthermore, software implementation may suffer from
insufficient memory problems because the large data sets of the ICAs’ applications and
its high dimensionality. Thus, hardware implementations are a promising approach to
implement the ICA algorithms and they are executed by Integrated Circuit (ICs). Owning
the high speed processing and the parallel architecture features make the hardware
implementation outperforming the software implementation in terms of sufficient

memory and fast convergence.

9.2 Future Work
This section provides directions of future work for the area of Blind Source
Separation and its implementation. Specifically, we itemize the research activities in the
following:
Optimization: We presented a new Convex Cauchy—Schwarz Divergence (CCS-DIV)

measure for Blind Source Separation (BSS) and unsupervised learning of acoustic and
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speech signals. The CCS-DIV measure is developed by integrating convex functions into
the Cauchy—Schwarz inequality. By including a convexity quality parameter, the measure
has a broad control range of its convexity. With this new measurement technique, a new
CCS-ICA algorithm is structured and a non-parametric form is developed incorporating
the Parzen window-based distribution. Moreover, the CCS-ICA algorithm has a
controlled speed towards timed convergence. Several case-study scenarios were carried
out on instantaneous and noisy mixtures of speech signals. Finally, the superiority of the
proposed CCS-ICA algorithm is demonstrated in metric-comparison performance with
FAST ICA, Robust ICA, convex ICA (C-ICA), and other leading existing algorithms.
The gradient-type algorithms can be considered to be robust optimization techniques; but
they usually suffer from several drawbacks in terms of convergence and stability. Also,
the convergence of the gradient-type algorithms is relatively slow and their stability relies
on the choice of the learning rate. Therefore, one can upgrade the optimization method
that is faster and more robust algorithms such as decoupled and fast relative newton
optimization as in [8] and [9] respectively.

Online_implementation: one of the most challenging questions about any proposed

algorithm is that if it can work on-line or not. Real-time implementation is very important
to measure the efficiency of the proposed algorithm. Therefore, our new algorithms will
be extended to online implementation. An interesting approach to implement the
algorithm is to work in a mixed block-based and real time methods such as a block LMS-
type structure [2], [42], [48], [71]. In this approach, some data is stored in a series of
buffers in order to be processed sequentially and the results are the sequential blocks. In

this case, the challenge is to find the optimal length of this local buffer in order to
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perform the separation process with acceptable performance. Moreover, the real-time
DSP processor can handle the computational cost without interruptions or distortions.
The challenge here is to determine the length of this interval which needs to be selected
based on two parameters:

» It should be short enough for the mixing environment to be considered
non-stationary

» It should be long enough to perform a separation processes successfully
with an excellent.

This is the same idea as non-stationary mixing case in [1], [98], [111], [114], and
[120].Therefore, finding an optimal length of the block of data “interval” might solve
both problems at the same time.

Underdetermined mixtures

If the number of observations (sensors) m is less than the number of sources n, the
mixing process is referred to be underdetermined (not invertible) [1], [52], [53]. The
separation processes can be attained successfully in the frequency-domain up to scaling
and permutation ambiguities under the assumption that the mixing matrix H(f) is full
column rank at each frequency bin. However, when the number of source signals is more
than the number of sensors, the assumption on the mixing matrix H(f) becomes not
valid. So, in this case the problem is more difficult since the mixing matrix H(f)
becomes ill-conditioned matrix which means the mixing matrix H(f) is not left pseudo-
invertible. However, a lot of work has been done in order to perform a good separation
process in the case of the instantaouse mixture [1]. However, there are not so many works
that has been done on the underdetermined case in the convolutive mixture [1], [38]. In
the literature, the well-known algorithm of such method is the DUET algorithm which is

proposed by Rickard et al [2], [3], [38] and [117]. The DUET algorithm assumes a
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specific delayed model that only works for audio signals with small delay, e.g. hearing
aid etc. The DUET algorithm performs the separation processes using the two sensors in
order to compute two parameters amplitude differences and phase differences between
the source signals. Several papers were published to develop and enhance the
performance of the DUET algorithm in [3], but their performance in real reverberant
environment is still limited. One of the promising approaches in this field is to convert
some of the underdetermine cases of the instantounous mixture into the frequency
domain in order to tackle the underdetermined problem in the convoluvtive mixture as

presented in the literature [1], [3], [38].
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Convex Cauchy—Schwarz Divergence and its
Derivative

Assume the demixed signals Y, = WX; where the mth component y,,; = wp,Xs.
Now express the CCS-DIV as a contrast function with a convexity parameter a as

follows:

JI F2(p(Y))dyidy, - [f f2(I1Y p(Yme))dy,dy,
ff f(p (YD) - f(TY p(Yme)) dy. dy,]?

Dees(Yo, Yme @) = log

By using the Lebsegue measure [5] to approximate the integral with respect to the

joint distribution of Y; = {y;, V>, ..., yn}, the contrast function becomes

X1 f2(p(WXY) - X1 F2(ITY (p(WineX)))
[ZI f(p(WXy)) - f(l'llf(p(wmtxt)))]z

Dees(Yo, Yme o) = log

For simplicity, let us assume

T T
V= ) R, V= ) 2f0F (Y
t=1 t=1
T T
Vo= Y PGm) s Vi = ) 2 mdf G
t=1 t=1
T
Vs = DY) (o)
t=1

T T
Vi = > E O mOY + ) O Gm) Vi
t=1 t=1

and the convex function is
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f(t) = 4 1—0(_|_1+0(t tlw;_a
T1-—a2l 2 2

f(t) = %[1 - t“_l/Z]

then,
Y, = p(WXp)and yuy,e = 1_[ p(WmX¢)
m=1
Y; p(Xy)  ddet(W)
Y = =— : - sign(det(W),
= G At W Oy ENCACHW)
a det(W)
where #ml = Wy;

,_ OYmt Ip(wnXp)
Vit = 5 1‘[ (%) | ey

where x; denotes the I** entry of X,.

Thus, we re-write the CCS-DIV as

Vv, -V,
[V5]?

Dees (Yo Yme @) = log

and its derivative becomes

ODces(Yo ymo @) VE  ViVVs + ViV3V5 — 2V, V, V5 Vs

anl B V1 - VZ V:;l-

0Dces (Yo, Yt @) _ ViV, + ViV, = 2V, V, Vg
OWp) ViV, Vs
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