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Abstract 

 

 

The blind source separation problem has received a great deal of attention in previous 

years.  The aim of this problem is to estimate a set of original source signals from a set of 

linearly mixed signals through any number of signal processing techniques.  While many 

methods exist that attempt to solve the blind source separation problem, a new technique 

is being used that uniquely separates audio sources as they are received from a 

microphone array.  In this thesis a new algorithm is proposed that that utilizes the ICA 

algorithm in conjunction with a filtering technique that separates source signals and then 

removes sources of interference so that a signal of interest can be accurately tracked.  

Experimental results will compare a common blind source separation technique to the 

new algorithm and show that the new algorithm can detect a signal of interest and 

accurately track it as it moves through an anechoic environment. 
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CHAPTER 1 

 

SECTION 1.1 – BACKGROUND 

 

Identification of source signals from a signal mixture has a variety of applications in 

areas of medical imaging [20, 27], acoustical beamforming [19, 21, 23, 25], and voice 

separation in communication devices [29, 35, 37].  These are unique source separation 

problems because no information about the source signals is known a prior.  The goal of 

the source separation problem is to recover each unknown source signal from a given 

signal mixture. These mixtures can be comprised of any number of source signals.  The 

study of source separation has evolved from the familiar and difficult cocktail party 

problem [20].  This describes one’s ability to isolate one person’s voice while in the 

presence of background noise and other conversations.  The task of separating source 

signals can be accomplished through blind source separation (BSS) methods that are 

aimed at isolating independent sources from one another.   

BSS of audio signals has been an on going area of research in array signal processing.  

This research centers on a variety of adaptive methods that utilize statistical information 

to separate signal mixtures recorded by a configuration of microphones.  The goal of 

these methods is to localize a point source in the presence of known or unknown 

interferers.  There are several different approaches for the BSS method that follow the 

same basic model, 

 

 iAsx +=  (1) 

 

where x is signal mixture, A is an unknown mixing matrix, s is the source signals, and i is 

an interference source.  The separated sources, y, are unmixed by W, to provide the 

original source signals, 

 

 sWxy ==  (2) 
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This thesis focuses on a new blind source separation (BSS) method that iteratively 

updates the unmixing matrix in order to separate source signals from interference 

sources.  A sensor array will record a linear mixture of L sources placed in an acoustic 

field.  The interference sources contained in the signal mixture will be eliminated from 

the signal mixture so that only the source signals remain.  By using the new BSS method, 

a narrowband source will be localized as it is moved a noisy environment so that a 

complete summary of the narrowband’s movement can be described. 

 

The following sections of this chapter provide a brief overview of the various methods 

that have attempted to solve the BSS problem. 

 

SECTION 1.2 – PREVIOUS WORK 

 

Various blind separation techniques have been pursued in that past that rely on second 

and fourth order statistics to resolve a signal mixture into individual source signals.  

These techniques assume source signals are independent and stationary.  Additional 

techniques attempt to adaptively filter interference from the source signals by optimizing 

a set of constraints so that interference sources are cancelled out.  This section will 

present a collection of these techniques. 

The Bayesian approach updates conditional probabilities by estimating the source signals 

and the mixing matrix.  This approach follows the model, 

 

 ( )
( ) ( )

( )θ

θθ
θ

x

sAsAx
xsA

P

PP
P

,,,|
,|, =  (3) 

 

where x is the signal mixture, A is the mixing matrix, and s the source signals.  Each of 

the sources contained in s are associated with a known distribution, θ.  The aim of this 

model is to maximize the posterior probability that is updated for each new mixing 

matrix.  To clarify, this model implies that the inverse of the mixing matrix, A
-1

, is equal 

to the unmixing matrix, W, from (2).  The posterior probability represents the probability 

that the separated sources are the original sources contained in s.  Maximizing the 
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posterior probability is accomplished by minimizing Bayes’ risk.  A more complete 

derivation can be found in [34, 43]. 

Standard Principle Component Analysis (PCA) and non-linear PCA methods have also 

been used as source separation techniques that rely on higher-order statistics.  The 

difference between standard and non-linear PCA is that standard PCA uses 2
nd

 order 

statistics while non-linear PCA uses higher order statistics [32].  Standard PCA relies on 

eigenvalue decomposition of the signal mixture covariance matrix, Rx, to identify 

dominant or principle eigenvalues related to be source signals.  The remaining 

eigenvalues, the smallest eigenvalues, are assumed to be noise eigenvalues.  The noise 

eigenvalues are removed from the signal space leaving only the source signals.  The non-

linear method is similar to the linear PCA method except that the non-linear PCA method 

accounts for the signal mixture not being a linear mixture [33].  In either case, linear or 

non-linear PCA, there remains the complex task of estimating the number of sources 

present in the data set that defines the signal subspace. 

Independent Component Analysis (ICA) is a new BSS method that relies on higher order 

statistics, namely kurtosis, that separates statistically independent sources.  Many ICA 

algorithms have been developed, with the most notable version called FastICA first 

proposed by Hyvarinen and Oja [27].  FastICA uses a nonlinear comparison function as a 

basis for separating signals.  Based on statistical knowledge of source signals and random 

processes, source signals can be differentiated from interference sources.   

Information-maximization, otherwise known as INFOMAX, is another ICA algorithm 

that attempts to separate the signal mixture into statistically independent output channels.  

INFOMAX uses an approach similar to FastICA, however INFOMAX extracts source 

signals by maximizing joint entropy.  This particular form of ICA is used for the new 

BSS algorithm proposed in this thesis.  A detailed explanation is given in Chapter 4. 

A more complete survey of ICA algorithms is presented in [24].   

Various adaptive filter techniques have also been devised to separate signal sources from 

interfering sources that differ from the methods described above.  These adaptive filtering 

techniques, as they are associated with beamforming, use angle of arrival estimation in 

order to construct an optimal filter design meant to reduce sensitivity in certain directions 
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assumed to be positions of interferers.  The array output model for the adaptive 

beamformer is,  

 

 iwswy TT +=  (4) 

 

where w is the beamforming weight vector, s is a vector of array outputs, and i is the 

interference vector.  The adaptive beamformer, discussed in later chapters, forms a main 

beam that is steered by the beamforming weight vector in a signal space.  The signal 

space is characterized by a signal subspace and an interference subspace.  The initial 

work in adaptive filtering was first developed by Capon and has provided a basis for 

separating desired signals from interfering signals [14,15].  The Capon beamformer, the 

minimum variance beamformer, automatically optimizes the beam pattern by outputting a 

set of weights that provides a desired array response.  The optimization is based on 

minimizing the effects of the interferers while constraining the gain of the array response 

to unity or, 

 

 
1)( =θaw

wRw

T
C

Cy
T
C

     to subject

      minimize
 (5) 

 

where a(θ) is the array steering vector and Ry is the array output covariance matrix 

defined as, 

 

 [ ]T
y E yyR =  (6) 

 

However, Capon’s method has a significant drawback if there is a mismatch between the 

assumed and actual values of the array response.  The assumed array response is 

calculated using an estimated angle of arrival, θ.  If the array manifold vector is 

calculated with an imprecise value of θ, a discrepancy will persist throughout the system 

and cause mismatch between the assumed and actual values of the array response.  Array 

response mismatch causes the distortion in the main beam and high sidelobes.  Several 
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modified versions of Capon’s beamformer have been introduced to account for the 

discrepancies that may exist between the assumed and actual values of the array response.   

Diagonal loading is one proposed robust measure that constrains the weights derived 

through the Capon method.  The weights are constructed so that their effectiveness to 

adaptively null interference sources is increased against small estimated sources of 

interference.  Reducing array response sensitivity to small estimated sources of 

interference can be beneficial in the case of reverberation and is able to detect the correct 

angle of arrival.  

The weight vector, wDL, is chosen to minimize the effect of the weighted array output in 

combination with a diagonal handicap term proportional to µ.  The handicap term, µ, 

attempts to minimize the array's responsiveness to small discrepancies in estimated 

interference sources.  In addition, the gain of the assumed array response is constrained to 

unity in order to, 

 

 
1)( =

+

θ

µ

aw

wwwRw

T
DL

DL
T
DLDLy

T
DL

     to subject

      minimize
 (7) 

 

Eigenvalue thresholding is another robust measure against array response mismatch that 

restricts the eigenvalues of the array output covariance matrix, Ry, to be larger than a 

minimum eigenvalue.  This method is similar to PCA in that the noise subspace is 

represented by the minimum eigenvalues of Ry. The covariance matrix undergoes an 

eigenvalue decomposition and the resulting eigenvalues are arranged in descending order.  

The largest eigenvalue serves as a benchmark for all corresponding eigenvalues. 

Eigenvalues that are less than µλ1 are replaced with zero and the covariance matrix is 

reconstructed,    
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where 0≤µ≤1.  The weights from Capon’s method, wC, are used as the optimal solution 

to, 

 

 
1)( =θaw

wRw

T
C

CTHRES
T
C

     to subject

      minimize
 (9) 

 

The methods of diagonal loading and eigenvalue thresholding are complicated by the task 

of choosing the correct value of parameter µ, which is still inefficient [3].  In order for 

these adaptive algorithms to work effectively, the array response to the desired signal 

must be accurately calculated.  Array response mismatch can have the effect of confusing 

interfering and source signal components, in which case the adaptive algorithm would 

cancel the desired signal. 

A more complete and robust version of Capon’s beamformer, that attempts to correct for 

array response mismatch by using optimized weights to produce a distortionless response 

[3,16], is referred to as the minimum variance distortionless response (MVDR).  The 

MVDR beamformer outputs the desired signal without any distortion while minimizing 

power associated with any interference signals, 

 

 
1)( =

+

θaw

wRw

T
MVDR

MVDRni
T
MVDR

     to subject

      minimize
 (10) 

 

where Ri+n is the interference-plus-noise covariance matrix.  This adaptive filter makes 

the assumption that the interfering sources are zero-mean, stationary, and follows a 

Gaussian random process.   

In all of these signal separation approaches, statistics play a key role in interference 

estimation and interference cancellation.  ICA is a unique approach to the BSS problem 

because no information is assumed prior to source separation and all necessary 

information needed to implement the algorithm is assumed from statistical models that 

characterize the distribution of source and interference signals.  The adaptive 

beamforming methods are adequate approaches to BSS but require some information 

about the source signal, which will be explained in Chapter 3.   
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  SECTION 1.3 – ORGANIZATION 

 

The initial chapters of this thesis provide the necessary background information on 

acoustic wave propagation and beamforming techniques.  These chapters are followed by 

a detailed outline of the new BSS method as well as its implementation.  Chapter 2 

outlines a model that characterizes propagation and reception of the signal mixture in an 

acoustic field.  Chapter 3 details two methods, the delay and sum beamformer and the 

MVDR beamformer, used to electronically steer or direct the sensitivity of the sensor 

array.  The new BSS algorithm is outlined in Chapter 4.  This chapter also includes a 

partial derivation of the INFOMAX algorithm and how the signal mixture is unmixed.  

The filtering method used to eliminate sources of interference from the array output is 

also discussed.  Chapter 5 describes the experiment setup including the simulations of the 

test setup and the real data experiments.  This chapter also details modifications needed 

to properly implement the proposed algorithm.  Chapter 6 summarizes the results of the 

experimentation and compares the results of the adaptive beamformer MVDR and the 

proposed INFOMAX/Wiener filter algorithm.  Chapter 7 analyzes the final results 

between the MVDR beamformer and the proposed BSS algorithm and presents 

concluding remarks.  
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CHAPTER 2 

 

SECTION 2.1 – INTRODUCTION 

 

This chapter models the signal and its reception by the sensor array.  The following 

sections describe wave propagation in an acoustic field, the sensor array as it exists in a 

3-D space, and the array output from a planewave that impinges on the sensor array. 

 

SECTION 2.2 – WAVE PROPAGATION 

  

Acoustic wave propagation through a compressible medium is a function of time and 

space.  The wave propagation can be expressed as pressure fluctuations through the wave 

equation, 

 

 
2

2

2

2 1

t

P

c
P

∂

∂
=∇  (11) 

 

where P is the time-domain acoustic pressure, c is the speed of sound in air, and 2∇ is the 

Laplacian operator that will define a real 3-dimensional coordinate system, 
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A scalar field, s(x,y,z,t), is used to define the space of the medium and a position vector, 

p(x,y,z) that lies inside that space as shown in Figure 2.1.  The wave equation in (12) can 

be expressed as a 4-dimensional wave equation,  
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Figure 2.1   The position vector, p(x,y,z), that defined inside the 3-dimensional coordinate system. 

The angle Φ is defined with respect to the z-axis.  The angle θ is defined in the x-y plane.  This 

coordinate system will also be used to define the array geometry.  

 

 

The partial derivative of s with respect to time for a plane wave traveling in some 

arbitrary direction, is generally takes the complex exponential form, 

 

 ( )( )zkykxktjAtzyx zyx −−−= ωexp),,,(s  (14) 

 

where k is the wavenumber.  The wavenumber is expressed in terms of the wavenumber 

for each spatial axis that can be rewritten as, 

 

 
2

2
2222

c
kkkk zyx

ω
=++=  (15) 

 

The wavenumber will now be expressed as, 

 

 ( )zyx kkk ,,=k  (16) 

 

The complex exponential solution can now be expressed as, 

 

  ( )( )kps −= tjAtzyx ωexp),,,(  (17) 
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and is the space-time representation of the propagation of a narrow band plane wave of a 

single frequency as defined in (15) [6].  The space-time domain representation of the 

propagating wave is important to define since the array will spatially sample the wave in 

the same coordinate system.  Next the structure of the sensor array will be discussed as 

well as the interaction between the array geometry and propagating wavefront. 

 

SECTION 2.2 – ARRAY GEOMETRY 

 

The sensor array used here is a uniform linear array (ULA) that consists of M-1 elements 

each spaced a length, d, apart for the entire length of the array.  If a plane wave impinges 

upon the array, the array signal will spatially sample a waveform, shown in Figure 2.2.   

 

 

z-axis

y-axis

x-axis

p0

p1

p2

pM-1

a

 

Figure 1.2   Array geometry laid out in the 3-dimensional coordinate system with the plane wave 

traveling in direction a that will impinge upon each element, pm. 

 

Based on the coordinate system in Figure 2.1 and 2.2, a propagating plane wave 

impinging upon each element, pm, of the sensor array can be written as, 
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For a ULA, the sensor position, p, is defined as, 
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where d is the distance between each element of the sensor array.  An important 

restriction is placed the interspacing distance, d, given by the Nyquist criteria [41].  From 

the previous section, s(x,y,z,t) as defined in (17) needs to be sampled with a interspacing 

distance, d, to avoid spatial aliasing, 

 

 
2

maxλ
≤d  (20) 

 

 

The sensor output can be expressed as a series of delays that are a result of the single 

plane wave hitting the array at some angle, θ, that will interact with each element of the 

array at different times, 
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where τ is a time delay at the mth element.  Each individual time delay can be calculated 

by combining (18) and (19),  
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The signal created by the impinging plane wave that can be thought of as a single sound 

source delayed differently for each element of the array.  The speed of sound in air is 

approximately 344 m/s for many applications and is a critical variable necessary to 

calculate the time delay for each element of the array.  For plane waves propagating in 

the medium, the wavenumber can be written as,  
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 ak
c

ω
=  (23) 

 

And the propagation delay for each element of the array can be written as, 

 

 m
T

n pk=ωτ  (24) 

 

The propagation delay is unique for each array since the delay term accounts for the 

geometry of the array itself and the medium surrounding the array.  By using the delay 

term a direction or angle of arrival (AOA) can be estimated and the source in question 

can be located if θ is estimated correctly.  For the simplest case, this implies that the 

number of sources is assumed to be known.  However, an ambiguity emerges as a result 

of the geometric layout of the array itself.  It can easily be seen that the angle of arrival, 

θ, can be calculated through some manipulation of the delay term.  However, the 

elevation angle, Φ, cannot be estimated correctly.  Because the array lies in a single 

plane, the x-y plane, an angle of arrival can be estimated but the source location can take 

on either a plus or minus z-value and an ambiguity exists with respect to the z-axis.  This 

can be corrected if the geometric layout of the array was different, for instance a plane 

array that consists of linear arrays congruently stacked along the z-axis.  In this case, the 

elevation angle would be calculated in a similar fashion that the azimuth angle was 

calculated.  However this research is limited to a ULA and thus the range of the AOA is 

limited to a half-plane of the x-y plane. 

 

 

 

SECTION 2.3 – ARRAY OUTPUT 

 

The sensor output can be expressed as a combination of signal sources, interference 

sources, and sensor noise, 
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 )()()()( tttt nisx ++=  (25) 

 

where s(t), i(t), and n(t) are all statistically independent.  The desired signal, s(t), 

represents a point source of length L-1 that will be expressed as in terms of the steering 

vector a, 

 

 nsas =  (26) 

 

Where s is defined as, 

 

 [ ]110 )(),...,(),( −= Ltststss  (27) 

 

and a is the array manifold vector for each M-elements of the array as expressed in the 

wavenumber domain, (17), and the propagation delay term in (24), 
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which will contain information regarding angle of arrival, θ.  Figure 2.3 shows the two 

dimensional view of the array with respect to propagating wavefronts. 
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Figure 2.3   Two-dimensional view of the array geometry with respect to the propagating plane wave. 

 

 

As the plane wave impinges upon the array, element pm+1 will receive the wavefront 

before element pm.  The distance the wavefront travels to come into contact with pm will 

be d*sin(θ).  Next a point of origin must be defined in order to calculated propagation 

delays with respect to a single point.  The origin will be the first element of the array, p0, 

and the phase of the signal at this point or τ will be set to zero.  As the wave propagates 

along the array with some frequency, f, the propagation delay for each element, pm, is 

calculated with respect to p0 as, 

 

 θ
π

τ sin
2

d
c

f
=  (29) 

 

where 

 

 θτ sin
c

d
=  (30) 

 

 
f

c
=λ  (31) 

 

This same concept can be applied to the array in order to steer the array, commonly 

referred to as a phased array.  Electronically steering the array, as opposed to 
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mechanically steering, can be accomplished by changing the phases of the signals at each 

of the array elements while maintaining constant amplitude.  The phase of the received 

signals are changed so that when all the signals are combined, a highly sensitive beam is 

formed in the desired location.   

Having a description of the sensor array as it occupies a 3-dimensional space and its 

interaction of a propagating wavefront, the following chapter will focus on a method to 

localize the point source that emits the propagating wavefront.    
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CHAPTER 3 

 

SECTION 3.1 – INTRODUCTION 

   

 This chapter describes two methods used to electronically steer the array to 

produce a desired beam in the field of the propagated wave in front of the array.  The 

following sections describe the delay and sum (DS) beamformer and the minimum 

variance distortionless response (MVDR) beamformer. 

 

SECTION 3.2 – DELAY AND SUM BEAMFORMER 

 

Beamforming refers to the weighting of raw signal outputs from the elements of the array 

and coherently combining these outputs to produce a highly sensitive radiation pattern, or 

beam, in a certain direction.  For the beam to be steered in a certain direction, the output 

from each sensor must be time-aligned to the target delay or phase that is used as a 

reference.  Consider a uniform linear array with M-1 elements spaced an amount, d, apart 

from one another as dicussed in Chapter 2.  The array manifold vector in (28) can be 

rewritten as, 

 

 [ ]Tjjj Meee 110 ,...,, −−−−= ωτωτωτ
a  (31) 

 

By combining (30) with (31), the array manifold vector can be expressed with an 

emphasis on AOA, now denoted as, a(θ), 
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which contains all information regarding the signal’s angle of arrival for a ULA.  For the 

delay and sum (DS) beamformer, the output is formed by summing weighted and delayed 

versions of the receiver signals, x(n), at output time n, 
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where wm is the respective weight at sensor m, xm(n) is nth sample from the mth element 

of the array, and (*) denotes the complex conjugate operation.  The delay term used for 

each sensor element accounts for array geometry as well as the desired pointing direction, 

θ, of the beam.  The uniformly weighted delay and sum beamformer weights, wDS, used 

to electronically steer the array are, 
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The output from each sensor must be time-aligned to the target phase, θT.  These uniform 

weights steer the array through a series of time-delays or phase-shifts, τ, based on a 

center frequency, fc, that the source signal propagates with, 

 

 θτ sin
c
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=  (35) 

where 
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The delay and sum beamformer output, y(θ), will simply be the linear combination of 

sensor data, x(n), and the uniform weights, wDS,  

 

 xwT
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The steering vector will vary incrementally from approximately –π/2 to π /2 and a 

corresponding phase shift will be calculated.  Each of these phase-shifts will be applied to 

each element of the array and summed together coherently.  Once the phase-shift of the 

array correctly aligns with the angle of arrival of a source emitting frequency fc, the 

signal of interest will be constructively reinforced and the beamformer output will have a 

maximum response.  Conversely, if the output signals do not align with the angle of 

arrival, the beamformer response will be minimized. 

The resulting beam pattern for the delay and sum beamformer, B(θ), is expressed as,  

 

 )()(
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wvB
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The desired beam pattern has a distinct narrow beam with smaller sidelobes that provides 

a high resolution of the angle of arrival as seen in Figure 3.1.  For this research, a uniform 

linear array of 64 elements, uniformly spaced 0.02 meters apart, the resulting beam 

pattern was created and is shown in the figure below. 
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Figure 3.1   Beam pattern for 64-channel array with element spacing, d=0.02 m, and center 

frequency, fc=5000 Hz.  The main lobe is centered at 0deg.  The sidelobes are the lobes in the regions 

to the left and right of the main lobe. 
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From the above figure, the main lobe, centered at 0 degrees, can be seen and is the lobe 

that contains the maximum power for a particular direction and is the focal point of the 

beam.  The beamwidth, the width of the main lobe, is measured by the half-power 

beamwidth (HPBW), 

 

 
L

HPBW
λ88.0

=  (40) 

 

where L is the aperture length, 

 

 MdL =  (41) 

 

where M is the total number of elements and d is the inter-elemental spacing.  From (40) 

and (41), it can be readily seen that the beamwidth is inversely proportional to the 

aperture length.  As a result of this inverse proportion, there is a tradeoff between 

resolution and aperture length.  Depending on resolution requirements or the accuracy of 

AOA estimates, the aperture length and frequency range may need to be examined to best 

suit the intended needs of the experiment.   

 

SECTION 3.3 – MINIMUM VARIANCE DISTORTIONLESS RESPONSE 

BEAMFORMER 

 

The minimum variance distortionless response (MVDR) beamformer is superior to the 

classical delay and sum beamformer in the sense that the MVDR beamformer has a 

interference cancellation feature.  The cancellation feature is realized in the form of a null 

that is adaptively placed in the direction of the interference source so that the array 

response in this direction is minimal.  In addition, MVDR beamformer is considered to be 

optimal in the sense that the signals sampled by the array are processed without reducing 

the gain in the direction of the desired signals.  Consider the following signal model from 

Section 2.3, 
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where i represents the interferers, n represents sensor noise, s represents a point source of 

length L-1, 

 

 [ ]110 )(),...,(),( −= Ltststss  (43) 

 

and a is the array manifold vector for each M-elements of the array in (32) which will 

contain information regarding angle of arrival, θ.  If the location of the source signals 

were known, the beamforming weights could be constructed to minimize the error 

between the desired signal and the beamformer output, y(θ).  However, this is not usually 

the case because little or no information is present about the desired signal location.  In 

this case, the optimal weight vector can calculated by maximizing the signal-to-

interference-plus-noise ratio (SINR) [3], 
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where the signal and interference-plus-noise covariance matrices are respectively, 
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In the case of the point source, the signal covariance matrix can be expressed as, 

 

 T
ss aaR 2σ=  (47) 

 

The previous SINR in (44) can be expressed as, 
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From before, the optimal weight vector can be calculated by maximizing the SINR in 

(48).  This optimal weight is constrained minimizing the output interference-plus-noise 

power while maintaining a distortionless response as discussed in Chapter 1,  
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To solve the constrained optimization problem in (49), the method of undetermined 

Lagrange multipliers must be used.  To apply this method define the Lagrangian L [3] 

derived in [39], 
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where λ is the Lagrangian multiplier.  Differentiating L with respect to w and equating to 

zero yields, 

 

 wRwR sni λ=+  (51) 

 

Multiplying (51) by Ri+n
-1

 yields 
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The optimal weight must also satisfy the distortionless constraint of (49),  
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Having satisfied the distortionless constraint, solve for λ, 

 

 
aRa 1

1
−
+

=
ni

T
λ  (54) 

 

so that the solution to the constrained optimization problem is, 
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From (55) the MVDR weights are functions only of the interference-plus-noise 

covariance matrix.  For the moment, sensor noise will be excluded from (42) and array 

response will be considered to be an issue of differentiating sets of source signals and 

interference sources.  Once these sources can be distinguished from one another, the main 

lobe will be maximally sensitive in directions of the source signals and maximally 

unresponsive the directions of the interference.  The MVDR weights are designed to 

place nulls in the directions of interference sources while steering the main lobe in a 

specific direction.  It should be stressed that the accurate estimation of the interference 

covariance matrix is of critical importance.  Once the interference covariance matrix is 

calculated, the MVDR weights effectively zero-out the array response in the direction of 

interference while maintaining an ideal array response in all other directions as the array 

manifold electronically steers the array.  In practice, the interference covariance matrix is 

not easily estimated.  In the event that the inference covariance matrix would also include 

information regarding the source signal, a null would be placed in the direction of the 

source and performance would be severely compromised.  Correctly estimating the 

interference covariance matrix is the most challenging aspect of implementing the 

MVDR beamformer and serves as the main cause of poor performance.  The next chapter 

will discuss a new method that bypasses estimating the interference covariance matrix all 

together. 
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CHAPTER 4 

 

SECTION 4.1 – INTRODUCTION 

 

This chapter presents a BSS method for interference suppression for the uniform linear 

array.  The ICA based algorithm, INFOMAX, is used in combination with the Wiener 

filter to eliminate interference present in the sampled acoustic field.  The INFOMAX 

algorithm resolves a signal mixture into separated source signals that will later be 

designated as a signal of interest or an interferer.  The interferer will be removed from the 

array output data using the Wiener filter.  The filtered data will consist only of the source 

signal which is passed to the DS beamformer.  This algorithm is outlined up in Figure 

4.1, 

Elliptical 
Filter

ICA
Wiener 
Filter

DS 
Beamform

Data 
Input

Output

Proposed BSS Method

 

Figure 4.1  Block diagram illustrating the flow of data through the proposed algorithm.  The dashed 

blue box represents a new BSS technique that is the main work of this thesis. 

 

The blue boxed section of Figure 4.1 is the main contribution of this thesis to the blind 

source separation problem. The following sections describe the proposed algorithm 

design in detail. 

 

  SECTION 4.2 – DATA INPUT 

 

Each sensor or channel of the array will contribute to a data set of the sampled acoustic 

field.  A single data set will be made of a signal mixture containing both source and 

interference signals that will be further divided into two classifications, deterministic and 

random signals, based on statistical characteristics associated with each category.  A 

common model is used that identifies these two signal components [1], 
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 ( )2,)()( σµΝ+= tstx  (55) 

 

This model contains both a deterministic component, s(t), and a random component, 

N(µ,σ
2
).  The intent of this model is to use well established statistical properties of the 

standard Gaussian distribution in combination with the output signal, x(t), to differentiate 

the signal of interest, the deterministic component, s(t), from the random component, 

N(µ,σ
2
).  The source signal is defined to be deterministic and generally takes the form of 

a sinusoid signal with characteristic amplitude, frequency, and phase.  The interference 

signal will mimic a random process that takes on random values at any instance in time.  

Under stationary conditions, a foundation can be established that allows interference 

signals to be modeled using basic mathematical and statistical tools to determine the 

underlying random process producing the random signal.  The conditions of the 

stationary process dictate that all higher order statistics do not change in time.  The fourth 

order statistic, kurtosis, defined as, 

 

 
[ ]

[ ]
3

22

4

−=
xE

xE
K  (56) 

 

expresses to what extent a pdf is Gaussian.  K=0 represents a gaussian pdf, and K>0 

represents a super-gaussian pdf.  Signals with super-gaussian pdf’s have small variances 

and are tightly clustered around zero.  The kurtosis of a signal will help provide an means 

of identifying a random signal from a deterministic signal.  More detail regarding kurtosis 

can be found in [9,20]. 

 

 

  SECTION 4.3 – ELLIPTICAL FILTER 

 

The application of the band pass filter is to isolate a bounded frequency range and reject 

all other frequencies.  The pass band of an ideal filter is the range of bounded frequencies 

where the filter frequency response is not zero.  However, ideal filters cannot be realized 
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in practice because filters are designed with only the present output and past inputs.  

Therefore practical filters are causal in nature and as a result the frequency response of 

the filter suffers.  The transition from the pass band to the stop band is not an abrupt 

change.  Instead, regions adjacent to the pass band, the transition band, only attenuates 

unwanted frequencies.  Frequency attenuation in this region is called frequency roll-off, 

expressed as dB/decade, and can allow unwanted frequencies into the pass band, Figure 

4.2.  Thus the transition band is desired to be as narrow as possible in order to minimize 

frequency roll-off.  As a tradeoff, sharp transition bands cause ripples in the pass band 

and stop band.   

  

Pass Band Stop Band
Transition 

Band

Pass Band Ripple

Stop Band Ripple

f

|H(f)|

fCutoff
 

Figure 4.2   The filter will be construction to minimize the transition band.  The roll-off can be seen 

by the downward sloping line connecting the pass band to the stop band. 

 

However, ripple can have little consequence in overall performance of the filter if the 

magnitude of the stop band ripple is much less than the peak value in the pass band, in 

which case only frequency roll-off would need to be considered.  Of the various filters, 

Chebychev I and II, elliptical, and Butterworth, the elliptical filter yields the sharpest 

transition band and steepest frequency roll-off.   

The elliptical filter is a complex infinite impulse response (IIR) filter that equalizes the 

error in the pass band and stop band causing an equal amount of ripple in both bands, 

termed equiripple.  Four parameters are used to design this filter: the frequency range of 

the pass band, maximum attenuation in the pass band, minimum attenuation in the stop 

band, and the order number.  The order number for an IIR filter is the largest number of 

previous input or output values used to compute the current output.  The primary purpose 
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of this filter is to isolate a frequency spectrum that will contain the frequency component 

of the desired source for this research. 

 

  SECTION 4.4 – ICA 

 

Independent component analysis (ICA) is a new blind source separation technique that 

exploits a source signal’s statistical independence from other independent sources.  ICA 

attempts to unmix a measured set of source signals that have been linearly mixed.  The 

INFOMAX algorithm extracts source signals by maximizing joint entropy of the resolved 

source signals by means of a non-linear mapping function that relates entropy to 

independence.  An important assumption of the INFOMAX algorithm is that the source 

signals follow a known pdf and contains at most one white noise source [20]. 

The source separation model is depicted in Figure 4.3, 

 

A W
s x y

g
Y

 

Figure 4.3   Breakdown of INFOMAX algorithm: Source signals, s, are linearly mixed by A to form 

the signal mixture, x, that will be linearly demixed by W to recover the source signals denoted by y.  

The optimal unmixing matrix will also maximize the entropy of Y where g is the assumed cdf of the 

source signals. 

 

 

The signal mixture, x, is a mixture of signal sources, s, that is linearly mixed by an 

unknown mixing matrix A, 

  

 Asx =  (57) 

 

 WAsWxy ==  (58) 

 

where W is an unmixing matrix the resolves the signal mixture, x, into separated sources 

contained in y.  The unmixing matrix, W, that adaptively maximizes the entropy between 
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the measured channels also maximizes joint entropy between the output channels of the 

algorithm.  Once the joint entropy of the signal mixture is maximized, the signals will be 

mutually independent [9, 20].  A formal description of entropy is provided next to further 

explain the process that maximizes entropy. 

 

SECTION 4.4.1 – ENTROPY 

 

Entropy measures the amount of surprise of a given event with respect to the probability 

distribution of the event.  For an event, x, entropy is defined as, 
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For a discrete random variable, X, that has outcomes, (x1, x2, x3…xn) that occur with 

probability p not to be confused with the pdf of X, pX(x).  The probability of an outcome 

of 1 or 0 is, 

 

 ppX =)1(  (60) 

 

and 

 

 ppX −= 1)0(  (61) 

 

As the likelihood of an event, in this case a single variable, to occur (p→1) or to not 

occur (p→0) becomes known, entropy decreases and can used to predict an outcome with 

some certainty.  This refers to minimum entropy, when the outcome can be easily 

predicted based on extremely low values of entropy.  However, given the instance that 

the likelihood of an event to occur or not occur is equal (p=0.5), the ability to accurately 

predict the actual outcome becomes extremely difficult, and referred to as maximum 

entropy.  The entropy is, 
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 ( ))1log()1()log()( ppppXH −−+−=  (62) 

 

The relationship between probability and entropy can be seen in Figure 4.4. 
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Figure 4.4  Entropy of the univariate case as a function of probability.   

 

Figure 4.4 shows areas of minimum entropy as being extremely predictable whereas 

areas of maximum entropy are most difficult to predict.  Therefore, the more random or 

unpredictable a variable is, the larger the value of entropy.  This is useful because it 

provides a means of evaluating the uniformity of a signal’s pdf or to what extent a signal 

is Gaussian. 

Entropy can be expressed as a summation of outcomes, 
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where M is the total number of possible outcomes.  If pi is the same for all possible 

outcomes, entropy takes on a maximum value equal to –ln(pi).  This implies maximum 

entropy occurs if the distribution of pi is uniform for all outcomes as shown in Figure 4.5. 
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p1 p2 p3 p4 p5

0

1

p6  

Figure 4.5  Probability distribution for M = 6 outcomes (ie. dice) with uniform probability 

distribution, pi=0.1667.  Maximum entropy for this case of equal probabilities is,  

H(X) = -(6)(1/6)ln(1/6)  

 

In the case presented in Figure 4.5, all possible outcomes are equally likely to occur 

which represents a maximum value of entropy.  Entropy also expresses the mutual 

information between two independent events or the amount of information one event 

provides about the other event which is a function of their joint entropies.  By 

maximizing a set of signals’ joint entropy, the probability distribution becomes 

approximately uniform and the signals become mutually independent. 

Entropy can be evaluated in (63) as M outcomes of pi.  Entropy can also be evaluate on 

an M-number of outcomes,  
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for a finite set of M observed values X1, X2,…, XM sampled from a common probability 

distribution, pX.   

Referring back to the BSS problem and simplifying it to only two sources,  
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where y represents the separated sources, W the unmixing matrix, and x is the signal 

mixture of length M.  From before, an unmixing matrix W will attempt to maximize 

entropy of the resolved signals.  This is done by defining an assumed pdf of the source 

signals.  The pdf of the source signals, ps, will provide a model pdf for the separated 

sources, py.  This also allows various pdf’s to be used that would extract signals that 

follow a Sub-Gaussian, Gaussian, or Super-Gaussian pdf.  The standard Gaussian 

distribution, defined to be zero-mean, is the distribution used to model white noise 

interference.  After choosing an appropriate model pdf, entropy will be maximized by 

one unmixing matrix or an optimal unmixing matrix that extracts signals y1 and y2 so that 

they best approximate the source signals.  The separated signals will take the form of the 

probability distribution of the model pdf, ps.  In (64), entropy was maximized for a 

uniform distribution of probabilities, Figure 4.5, and will be used as a measure to 

evaluate when the separated signals take on a uniform distribution and are mutually 

independent.    

To take into account that the pdf is unbounded, the assumed pdf will be expressed in 

terms of its cdf, g.  This is because the cdf is bounded between zero and unity.  Once the 

unmixing matrix, W, is adjusted so that the optimal unmixing matrix is present, the 

distribution of y, evaluated by Y=g(y), will have a uniform joint distribution so that each 

set of signals will contribute no information about another signal and the separated 

signals will be mutually independent.  The derivative of a cdf defines a corresponding 

pdf, 
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and denoted as g-prime or g’.  To simplify the signal separation method, a single source 

y1 will be derived,  
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The parameter Y1=g(y1) will be defined that maps y1 to Y1 

  

 [ ]( )xWyY Mgg x111 )( ==  (68) 

 

For one value of y1, 
ay1 , that is defined on an infinitesimally small section of y1, ∆ y1, g 

maps ay1  uniquely to Y1 on an infinitesimally small section of Y1, such that ∆ Y1 will be 

defined as aY1 .  For the probability of observing ay1  on the interval ∆ y1 will be equal to 

the probability of observing aY1  on the interval ∆ Y1, 
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Rearranging (69) yields,  
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In the limit as ∆y1 approaches zero ∆Y1 will also approach zero, 
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Since all cdfs, g, are defined to be increasing (70) becomes,  
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Returning back to (68), (72) becomes,  
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and that ps(y) is the model pdf, g’=ps(y),   
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Given the unmixing matrix that resolves the source signal and assuming that the model 

pdf accurately matches the source pdf then,  

 

 ( ) ( )11 yy sy pp ≈  (75) 

 

This would also signify that (75) is constant and therefore uniform.  For the condition that 

pY(Y1) is uniform H(Y1) is also a state of maximum entropy.  The optimal unmixing 

matrix now extracts the source signals,  

 

 ( ) ( )yy sy pp ≈  (76) 

 

so that pY(Y) is uniform and H(Y) is a state of maximum joint entropy.  Maximum joint 

entropy of the parameter Y yields a set of signals y that are mutually independent by the 

invertible function g [9], 

 

 ( )Yy 1−= g  (77) 

 

The initial unmixing matrix is assumed to be the identity matrix.  The entropy, H(Y), 

associated with the separated signals, y, will be iteratively calculated as the unmixing 

matrix, W, is updated, and the separated signals, y, will begin to match the chosen cdf, g.   

After updating the unmixing matrix the gradient ascent method will be used to ensure 

increased values of entropy occur after each update.  The entropy of Y will be maximized 

if y has a cdf that matches a selected cdf g.  In order to determine an optimal unmixing 
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matrix, Wopt, that maximizes entropy, a formula for the gradient is needed to assess if the 

ICA algorithm is advancing towards a maximum or minimum entropy value.  The 

gradient will be determined by the partial derivative of H with respect to the individual 

elements (Wij) of W.  The derivation of the multivariate case can be found in Appendix 

A.  

Entropy is used as a measure of mutual information between a set of independent source 

signals.  In order to extract each source signal an optimal unmixing matrix must be 

computed to evaluate joint entropy.  The joint entropy will be assessed using a different 

set of signals, Y, which are related to y by the invertible function g.  If the signals Y are 

independent then the signals y=g
-1

(Y) will also be independent as well. 

 

  SECTION 4.5 – WIENER FILTER 

 

Most common types of Wiener filter uses an optimal finite impulse response (FIR) filter, 

Hb, that removes one signal, noise, from a signal mixture, where the mixture consists of a 

desired signal as well as noise.  The objective is to find a set of optimized coefficients, 

bopt, that minimizes the mean-square error (MSE) between the output of the filter and the 

desired signal.  The Wiener filter used here was derived from a spectral subtraction 

method [36] proposed by Scalart et al 96.  The input signals, the signal mixture and the 

noise signal, are transformed to the frequency domain by the Fourier transform.  The 

Wiener filter analyzes the spectral content of noise signal and removes those components 

from the signal mixture so that the desired signal remains as illustrated in Figure 4.6. 
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X(ω)

Noise Signal
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G(ω)

Output Signal

Y(ω)

 

Figure 4.6   Block diagram of the Wiener filter as described by the spectral subtraction method. 
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The filter design uses the following model, 

 

 )()()( ωωω NSX +=  (78) 

 

where X(ω) is the signal mixture, S(ω) is the desired signal, N(ω) is noise and both S(ω) 

and N(ω) are uncorrelated.  The filter is given to the signal mixture, X(ω), as well as the 

additive noise, N(ω), that serves as a reference.  The iterative Wiener filter (IWF) 

estimates the desired signal through the spectral subtraction method, 
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The filter takes the form,  
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where Pss(ω) is the power spectral density of the desired source and the Pnn(ω) is the 

power spectral density of the noise source.  This can be rewritten as a signal to noise ratio 

[35],  
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A cost function, C, is derived using the noise and signal mixture power spectrum, 
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The cost function can be interpreted as a signal-to-noise ratio (SNR) evaluated between 

zero and unity.  In the case that a negative value of C occurs, when the noise spectrum is 

very high, any negative value will correspond to a value of zero.  The Wiener filter is 

described as a linear transfer function, G(ω),  
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that is applied to the original signal mixture to recover the desired signal, 

 

 )()()( ωωω XGY =  (84) 

 

The resulting output, Y(ω), is the desired signal (Y(ω) ≈ S(ω)) that is then inverse Fourier 

transformed back to the time domain.   

 

 

  SECTION 4.6 – DS BEAMFORM 

 

The resulting data will be filtered of all interference components and now consists of only 

the source signal.  This filtered data is passed to the delay and sum beamformer, y(θ), and 

will simply be the linear combination of sensor data, x(n), and the uniform weights, wDS,  

 

 xwy T
DS=)(θ  (85) 

 

The steering vector will vary incrementally from approximately –θ to θ as to cover the 

field of interest.  For each value of θ a corresponding phase shift will be calculated.  Each 

of these phase-shifts will be applied to each element of the array and summed together 

coherently.  Once the phase-shift of the array correctly aligns with the angle of arrival of 

a source emitting frequency fc, the signal of interest will be constructively reinforced and 

the beamformer output will have a maximum response.  All sources of interference will 

already be removed from the data before being passed to the DS beamformer and thus the 
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beamformer response that corresponded to the directions of the interference sources will 

be minimized.  

 

  SECTION 4.7 – OUTPUT 

 

After each data set is processed, source signals will be tracked or located in the acoustic 

field sampled by the array.  The interference signal will be removed from the acoustic 

field by the new BSS method presented above so that only the source signals will be 

present.  Each data set will provide a direction of arrival estimate of the source signal so 

that after all data sets are processed a complete history of the source signal’s movement is 

known.  Once a complete record of movement is known, a comparison is made between 

actual and estimated positions in order to develop the new BSS algorithm.   The testing of 

this BSS method is described in the next chapter. 
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CHAPTER 5 

 

SECTION 5.1 – INTRODUCTION 

 

The experimentation setup was designed to test the proposed BSS method’s ability to 

accurately track a narrowband source in the presence of an interference source.  The 

interference source will be placed in an anechoic chamber to inhibit the detection of the 

narrowband source’s location.  The intensity of the interference source will be varied to 

test the capabilities of the proposed BSS method.  This chapter details the test setup for 

the simulation, the actual experiment, and the necessary modifications to the proposed 

BSS method.    

 

SECTION 5.2 – SIMULATIONS 

 

A simulation of the test setup was also created to evaluate and troubleshoot the proposed 

BSS method.  The results of this simulation exposed an unexpected side effect of the ICA 

algorithm that was caused by the nonlinear function g.  Recalling from Chapter 4, the 

function g was used to map the resolved signals y to Y,  

 

 )(yY g=  (86)  

 

Early results showed separated sources resolved by the nonlinear function appeared to be 

randomly out of phase.  These results showed the signal source at the proper location 

along with a mirrored counterpart.  To investigate the cause of the phase distortion 

another simulation was set up to document the occurrence of the source signal’s 

counterpart so that a modification could be made to combat against these phase 

distortions.  This simulation is shown in Figure 5.1. 
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Figure 5.1  Simulation of a narrowband source linearly mixed with a white noise source to create two 

mixed signals, MS1 and MS2.  The mixed signals were separated by the ICA algorithm that produced 

a two final signals, ICASignal 1 and ICASignal 2, that was compared to the original narrowband source.  

 

 

The additional simulation consisted of a narrowband source, s1, mixed together in some 

ratio with a random noise signal, s2, to form two mixed signals, 
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where the constants a, b, and c represent constants used to create different mixtures.  Both 

mixtures were fed to the ICA algorithm to separate the narrowband source from the 

random noise signal.  The power spectrum density plots for each of the signals used for 

this simulation are shown in Figure 5.2.  
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Figure 5.2  Power spectrum density plots of each signal used in the simulation. 
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The phase of the separated signals from the ICA algorithm was compared to the initial 

inputted narrowband source as well as the phase of each of the mixed signals.   

The results of this simulation were, 
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which showed the phase difference between the inputted narrowband signal and one of 

the mixed signals added with the phase difference between the same mixed signal and the 

resolved ICA signal were randomly 180deg out of phase where the notation, φ(-), 

referrers to the phase difference between signals as shown in Figure 5.3, 
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Figure 5.3  Phase plots of the each mixed signal, MS1 and MS2, compared to the resolved 

narrowband ICA signal, ICASig1.  The phase between each mixed signal is 180deg out of phase.  Top 

Left:  Phase of Mixed Signal 1 compared to narrowband ICA signal.  Top Right:  Phase of Mixed 

Signal 2 compared to narrowband ICA signal.  Bottom Left:  Zoomed-in phase plot of Mixed Signal 

1 compared to narrowband ICA signal.  Bottom Right:  Zoomed-in phase plot of Mixed Signal 2 

compared to narrowband ICA signal. 

 

The results of this simulation are shown in Appendix B.  In order to correct for the phase 

discrepancies, each of the phase differences would need to be known.  In practice only 

signal mixtures and ICA output would be present and the phase between the inputted 

signal and the mixed signal would not be known.  This was of little consequence because 
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this phase difference represented a fraction of the total phase distortion.  Most of the 

phase discrepancy came from the phase difference between the ICA resolved signal and 

the mixed signal.  This knowledge provided a method that was used to compare and 

adjust the phase of the outputted ICA signal.  The modification to the proposed algorithm 

compared the phase of each inputted signal to the phase of the INFOMAX resolved 

signal so that the overall phase difference would be constrained to zero.  A transfer 

function of the signal inputs, x, and each of the two separated signals, y,  
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was estimated and the frequency response was analyzed.  The Kaiser windowing function 

was used to reduce any further distortion from spectral leakage.  The phases for each 

channel of the array were inspected and constrained so the outputted signal would exhibit 

very little distortion. 

 

SECTION 5.3 – EXPERIMENTS 

 

The test setup for the experimentation phase was performed in an anechoic chamber, 

Figure 5.4, using two speakers, one for the narrowband and interference source 

respectively.   

 

  

Figure 5.4   The experimentation phase was carried out in this anechoic chamber. 

 



 

 41 

 

 

The output at each speaker was controlled by two separate computers.  The computer that 

controlled the output of the narrowband speaker generated a 5000 Hz sinusoid wave.  The 

computer that controlled the output of the interference speaker generated white Gaussian 

noise.  Each generated output was connected to an RANE MA 6S multi-channel 

amplifier.  The amplifier was used to adjust the individual speaker intensities.  The 

narrowband speaker was set to an intensity level of 95 dB re 20 µPa and was used as a 

reference intensity for adjusting the intensity of the interference source.  For each of the 4 

trials the intensity for the interference source was adjusted to 95, 100, 105 and 110 dB re 

20 µPa respectively while the narrowband source remained constant at 95 dB re 20 µPa.  

The intensity level was recorded using the TES 1350A sound level meter.  The difference 

in intensity level for each of the trials was reported as decibel level above 95 dB or 0, 5, 

10, and 15 dB.   
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Figure 5.5   Dimensions of the experiment setup inside the anechoic chamber. 

 

 

Each trial consisted of 18 individual data sets that correspond to one second of data 

collected by the array.  During the course of the 18 data sets, the narrowband source will 

be moved approximately 2 degrees from +18 degrees to -18 degrees normal to the array 

as shown in Figure 5.5.  The interference source remains at 0 degrees for the duration of 

the trial.  Figure 5.6 shows the anechoic chamber setup and markings for this experiment.  
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Each of the blue markings corresponds to a particular position for the narrowband source 

while the red box indicates the constant position of the interference source.   

 

Narrowband Source Interference Source

d=0.152 m

1     2     3     4     5     6     7    8     9   10   11  12  13   14   15   16   17   18

Data Set #

 

Figure 5.6   Top:  Narrowband source, green, movement through each of the 18 data sets involved for 

a single trial.  After each data set was taken, the narrowband source was moved d=0.152 m to the 

right for the next trial, denoted by the blue arrow.  During each trial and subsequent data set, the 

interference source, red, remained fixed and never moved.  Bottom:  Anechoic chamber marked with 

blue tape for each of the 18 trials. 

 

 

The NIST Mark-III microphone array was used for data collection.  The microphone 

array was constructed from 8 separate blocks of microphones that made up an array of 64 

microphones equally spaced 0.02 m apart.   

 

   

Figure 5.7   Single block of 8 microphones of NIST Mark-III microphone array. 
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The NIST Mark-III array, Figure 5.7, features a built-in A/D converter that digitizes and 

formats each channel of the array to be sent as a UDP packet stream.  The data collected 

by the array is to a third computer through an ethernet channel where the collected data is 

recorded for later processing. 

 



 

 44 

 

 

CHAPTER 6 

 

SECTION 6.1 – RESULTS  

 

The experimental setup described in Chapter 5 is used here to verify and test the 

effectiveness of the new BSS algorithm described in Chapter 4.  The experimental setup 

is repeated four times for both the MVDR beamformer and the new BSS algorithm.  The 

setup is also repeated for each of the different sound levels.  Figure 6.1 displays the 

movement of each source.  In Figure 6.1, the left figure displays the desired results of the 

experiment; only the source signal should be visible while the interference signal, right 

figure, should be eliminated from the sampled data. 
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Figure 6.1   Projected results of experimental set.  Left: The movement of the narrowband source.  

Right:  The movement of the interference source. 

 

The results of the MVDR beamformer will be presented followed by the results of the 

proposed BSS algorithm.  A comparison the two methods will be organized to show 

possible areas of improvement and concluding remarks will be made. 

 

SECTION 6.1.1 – MVDR BEAMFORMER 

 

The results of the individual trials are shown below.  Figure 6.2 displays the MVDR 

results for the 0dB and 5dB test respectively.  For the 0dB case, the narrowband source is 
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accurately tracked for 3 of the 18 data sets.  For the 5dB case, the narrowband source is 

accurately tracked for 5 of the 18 data sets.  
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Figure 6.2   Left: MVDR beamformer results for 0dB.  Right: MVDR beamformer results for 5dB. 

 

 

Figure 6.3 displays the MVDR results for the 10dB and 15dB test respectively.  For the 

10dB case, the narrowband source is accurately tracked for 7 of the 18 data sets.  For the 

15dB case, the narrowband source is accurately tracked for 9 of the 18 data sets.   
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Figure 6.3   : MVDR beamformer results for 10dB.  Right: MVDR beamformer results for 15dB. 

 

In all of the MVDR cases, performance was severely degraded.  In the first two cases, 

0dB and 5dB, the ability of the MVDR to correctly estimate the interference covariance 

matrix adversely affected performance and the narrowband source was accurately tracked 
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17% and 28%, respectively, of the entire data sets.  In the later cases, 10dB and 15dB, 

performance improves as the narrowband source is accurately tracked 39% and 50%, 

respectively, of the entire data sets.  The results also show that tracking performance 

increased as the sound level of the interference source increased.   

From the material presented in Section 3.3, the MVDR weights are designed to place 

nulls in the directions of interference sources.  This was accomplished by constructing the 

interference covariance matrix used in the weights,  

  

 
aRa

Ra
w

1

1

−
+

−
+=
ni

T

ni
T

T
MVDR  (91) 

 

In practice however, the signal and interference-plus-noise covariance matrices are not 

readily available.  Usually a sample covariance matrix, R-hat, is computed from the 

discrete signals of x,  
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The noise-plus-interference covariance matrix can be estimated by means of diagonal 

loading or eigenvalue thresholding.  Diagonal loading adds a diagonal term to R-hat that 

is proportional to the gain of interference.  The addition of the diagonal term can cause 

high sidelobes and distorted main beam if not properly estimated [13].  Eigenvalue 

thresholding decomposes R-hat and attempts to eliminate the eigenvalues corresponding 

to the interference eigenvalues.  The eigenvalue thresholding method was used for the 

MVDR beamformer, 
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The sample covariance matrix, R-hat, undergoes an eigenvalue decomposition to reveal 

the eigenvectors, V, and eigenvalues, Λ,  
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Eigenvalue thresholding is used to construct Rthr-hat,  
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A common way of selecting µ is based on the largest eigenvalues [3,10].  For each of the 

four different sound levels,  
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a new value of µ is calculated that accounts for the spread of the eigenvalues.  Larger 

eigenvalues associated with the interference source are nulled as the intensity of the 

interference source becomes larger.  However, system performance can become severely 

degraded if the eigenvalues are not properly chosen.  For example, if an eigenvalue of a 

source signal was removed, the source signal would no longer be contained in the 

sampled data.  This explains the poor performance of the MVDR for the first, 0dB, and 

second, 5dB, test. 

 

SECTION 6.1.2 – BSS ALGORITHM 

 

The results of the individual trials are shown below.   Figure 6.4 displays the results of 

the proposed BSS algorithm for the 0dB and 5dB test respectively.  For the 0dB case, the 

narrowband source is accurately tracked for 15 of the 18 data sets.    For the 5dB case, the 

narrowband source is accurately tracked for 14 of the 18 data sets.   
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 Figure 6.4  Left: Proposed BSS algorithm for 0dB.  Right:  Proposed BSS algorithm for 5dB. 

 

Figure 6.5 displays the proposed BSS algorithm results for the 10dB and 15dB test 

respectively.  For the 10dB case, the narrowband source is accurately tracked for 15 of 

the 18 data sets.   For the 15dB case, the narrowband source is accurately tracked for 13 

of the 18 data sets.   
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 Figure 6.5  Left: Proposed BSS algorithm for 10dB.  Right:  Proposed BSS algorithm for 15dB. 

 

The performance of the proposed BSS algorithm was satisfactory for all the cases.  In the 

first two cases, 0dB and 5dB, the interference source was eliminated from the sampled 

data and the narrowband source was accurately tracked 83% and 78%, respectively, of 

the entire data sets.  In the later cases, 10dB and 15dB, performance improves as the 
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narrowband source is accurately tracked 83% and 72%, respectively, of the entire data 

sets.   

In order to quantify both the MVDR’s and new BSS algorithm’s ability to accurately 

track the narrowband source throughout the experiment, an average error was computed,  
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where θActual is the true angle of the source signal and θObserved is the angle the source was 

observed to be located.  The average error for each method is tabulated in table 6.1. 

 

Table 6.1   Average error measured in degrees of difference between true location and observed 

location. 

 
Trial MVDR Average Error [deg] Proposed BSS Algorithm Average Error [deg] 

1 – 0dB 8.16 2.88 

2 – 5dB 6.72 1.77 

3 – 10dB 5.16 3.22 

4 – 15dB 7.16 3.44 
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CHAPTER 7 

 

SECTION 7.1 – CONCLUSION  

 

This thesis proposed a BSS method that combines the ICA algorithm INFOMAX and the 

Wiener filter.  The goal of this algorithm was to localize a narrowband source in the 

presence of a white noise source so that the narrowband source could be accurately 

tracked.  The microphone array provided the signal mixture of the narrowband source and 

white noise source.  The INFOMAX algorithm was used to separate the narrowband 

source from the white noise source from the signal mixture recorded by the microphone 

array.  The Wiener filter used the spectral subtraction method to systematically remove 

the noise spectral content from the signal mixtures.  The resulting signal is then used in 

the DS beamformer to estimate the bearing of the narrowband source.  

From the results of Chaper 6, it can easily be seen that the proposed BSS algorithm 

outperformed the MVDR method for each sound level.  The MVDR beamformer had a 

great deal of difficulty distinguishing the source signal from the interfering signal and 

performance suffered.  This can be explained by the way the diagonal loading method 

calculates the MVDR weights.  The performance of the MVDR tests improved as the 

intensity of the interference source increased from the first test, 0dB, to the last test, 

15dB.  The diagonal loading method’s eigenvalue thresholding results in this increased 

performance.  The main problem of estimating the noise-plus-interference covariance 

matrix can be addressed by placing additional constraints on the optimization problem.  

The proposed BSS algorithm’s main advantage over the MVDR beamformer was that the 

interference subspace was eliminated prior to beamforming.  This greatly improved 

tracking performance compared to the MVDR beamformer as shown in Chapter 6.  The 

source signal can be easily tracked through each of the first 3 trials.  Results from the 4
th

 

trial do not show the source signal once it passes the interference source which suggests a 

limitation to the separation process as a function interference intensity level.   

The capabilities of ICA are powerful when applied to the source separation problem 

however these capabilities are computationally expensive.  From the results shown in 
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Chapter 6, the BSS algorithm was approximately 2-3 times more effective in correctly 

identifying the source signal when compared to the MVDR method.  The proposed BSS 

algorithm is a definite upgrade to the MVDR beamformer as it was employed in the 

anechoic environment.   

 

SECTION 7.2 – FUTURE WORK 

 

Although the proposed algorithm performed well, improvements can be made to improve 

the efficiency and accuracy of the algorithm.  Additional research can be done to 

decrease computation time required by the INFOMAX algorithm.  Also the algorithm’s 

ability to estimate a variety of source distributions in order locate different classes of 

sources.  The ability of the algorithm should be extended to track multiple sources 

simultaneously in a real world environment. 
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APPENDIX A: INFOMAX DERIVATION [9] 

 

 

Given an unknown set of M independent sources, s=[s1,s2,s3,…,sM] to be recovered with a 

common pdf, ps, that are in contained in a known signal mixture, x, and an unknown 

mixing matrix A, 

  

 Asx =  (A.1) 

 

The goal is to find and unmixing matrix, W, that resolves the signal mixture, x, into the 

M original sources, s, now defined by y=[y1,y2,y3,…,yM] so that, 

 

 sy ≈  (A.2) 

 

The function ps will be used to specify the pdf of the extracted sources, py, 

 

 )()( yy sy pp =  (A.3) 

 

Because the pdf is unbounded, the cumulative density function (cdf), g, is used because it 

is bounded between 0 and 1.  The derivative of a cdf defines a corresponding pdf, 
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and denoted as g-prime or g’, which is also used to approximate the pdf of the source 

signals to be separated.  Entropy of y will now be evaluated from g(y),  

 

 )(yY g=  (A.5) 

 

where Y is the cumulative density function of y.  The entropy of Y will be maximized if 

y has a cdf that matches a selected cdf g.  Various cdf’s can be used that would reflect the 
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Kurtosis of the source signals [22], that they follow a sub-gaussian, Gaussian, or super-

gaussian pdf.  The cdf used in this application will be discussed after the optimal 

unmixing matrix is derived.  The entropy of the signal mixture can be expressed as, 
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(A.6) is then rewritten as, 
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The entropy of the signal mixture, H(x), does not change throughout the separation 

process (the signal mixture remains unchanged) and therefore is constant and can be 

removed from (A.7), 
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The entropy, H, associated with the separated signals, y, will be iteratively calculated as 

the unmixing matrix, W, is updated, and the separated signals, y, will begin to match the 

chosen cdf, g.  This method of updating the unmixing matrix to reveal a new value of 

entropy, H, used the gradient ascent method so that the increased values of entropy occur 

after each update.  Assuming that the unmixing matrix achieves an optimal unmixing 

matrix, Wopt, a formula for the gradient is needed to assess if the ICA algorithm is 

advancing towards a maximum or minimum entropy value.  The gradient will be 

determined by the partial derivative of H with respect to the individual elements (Wij) of 

W.  The entropy term, H, will now take on individual values of entropy after each 

successive update and will be denoted h.  The partial derivative of h with respect to the 

ijth element of W is, 
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Evaluating the term inside the summation, 
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and using the chain rule, 
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The derivative of g’(yi) with respect yi to can simply be rewritten as the second derivative 

of g(yi), 
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The partial derivative of yi to Wij is, 
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Substitution of (A.10) and (A.11) into (A.12), 
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Substitution of (A.13) into (A.9),  
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Completing the substitution of term inside the summation, (A.8), with (A.14), 
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The term after the summation can also be expressed as,  
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(A.6) can now be rewritten as, 
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and further rewritten in complete matrix format as, 
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The unmixing matrix, W, will be updated as, 

 

 hcoldnew ∇+= WW  (A.19) 

 

to generate the new unmixing matrix, Wnew, that will contain information regarding the 

old unmixing matrix combined with a constant, c, multiplied by the gradient of entropy in 

hopes to achieve maximum entropy between the separated signals. 

A commonly used cdf, g, that extracts super-gaussian source signals is tanh, 
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 )tanh()( yy =g  (A.20) 

 

The first derivative of tanh is, 

 

 )(tanh1)(' 2 yy −=g  (A.21) 

 

The second derivative of tanh is, 
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The term, g’’(y)/g’(y), can be expressed as, 
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The gradient of entropy term can be rewritten as, 
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The expected value term also be rewritten as, 
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The final unmixing matrix update rule can be written as, 
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The final unmixing matrix, Wopt, is applied to the signal mixture, x, 

 

 Wxy =  (A.31) 

 

so that each source signal is revealed and y is approximately equal to s. 
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APPENDIX B: PHASE DISTORTION SIMULATIONS 

 

 

Two sources were constructed, one a 5000Hz narrowband source and the other a zero-

mean random noise source.  Each of the two sources were mixed together with the 

following mixing matrix, A,  

 

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1050.0
A  (B.1)  
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The following mixed signals, MS1 and MS2,  
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were then analyzed after ICA processing yielded two separated signals.  The ICA signal 

that corresponded to the 5000Hz narrowband source was used in the phase analysis.  The 

remaining ICA signal was discarded.  The results of the phase difference between the 

5000Hz narrowband and mixed signals are compared as well as the mixed signals to the 

ICA outputted 5000Hz signal and expressed as 
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22
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where φ(-), referrers to the phase difference between signals.  These results are presented 

in the table below. 
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Table B.1  Phase distortion between signals. 

Φ(5000Hz, MS1) Φ(5000Hz, MS2) Φ(MS1,ICA) Φ(MS2,ICA) Φ(5000Hz, ICA) 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 175.2 175.3 -180.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 175.2 175.3 180.0 

4.8 4.7 -4.8 -4.7 0.0 

4.8 4.7 -4.8 -4.7 0.0 
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